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Modeling Road Centerlines and Predicting Lengths in 3-D Using LIDAR Point Cloud Data
and Planimetric Road Centerline Data

by
Hubo Cai, Ph.D. and William Rasdorf, Ph.D. P.E., F. ASCE

ABSTRACT

Transportation is one of a few engineering domains that work with linear objects – roads.  Accurate road
length information is critical to numerous transportation applications.  Road lengths can be obtained via
technologies such as ground surveying, global positioning systems (GPS), and Distance Measurement
Instruments (DMI).  But using these methods for data collection and length determination is time-
consuming, labor intensive, and costly.  The purpose of this study was to assess the accuracy and
feasibility of an alternative.

This paper reports on a study that provides an alternative to obtaining road centerline lengths by
measurement; instead it proposes using Geographic Information Systems (GIS) and Light Detection and
Ranging (LIDAR) point cloud data.  In this study, a 3-D vector model based on Linear Referencing
Systems (LRS) concepts was developed to represent road centerlines in a 3-D space and to predict their 3-
D lengths.  A snapping approach and an interpolation approach to obtain 3-D points along lines when
working with LIDAR point clouds were proposed and discussed.  Quality control measures were initiated
to validate the approach.

The accuracy of the predicted 3-D distances was evaluated via a case study by comparing them to
distances measured by DMI.  The results were also compared to road lengths obtained by draping
planimetric road centerlines on digital elevations models (DEMs) constructed from LIDAR points.  The
effects of the average density of 3-D points on the accuracy of the predicted distances were evaluated.
This study concluded that the proposed 3-D approach using LIDAR data was efficient in obtaining 3-D
road lengths with an accuracy that was satisfactory for most transportation applications.

INTRODUCTION

Real world objects are all three-dimensional (without referring to the temporal elements).  Numerous
applications in GIS require modeling and representing spatial objects in 3-D space with elevation (or
height) and geometric information such as gradients, aspects, lengths, and areas together with their
planimetric positional information.  Examples include hydrology, flood response and management (locate
areas that are flooded and determine access routes), stream modeling and flow estimates, shoreline
modeling, volume calculation in grading and excavation, geometric design in highway systems, and bus
routing.

Transportation is one of a few civil engineering domains that work with linear objects – roads.  In
transportation the length and position of these roads are important.  Numerous analyses that are being
performed depend on accurate road lengths.  For example, studies often compare rules of roadway with
parent candidate ratings.  Costs of resurfacing are a function of road width and resurfacing length.  Still,
while length is very important, its measurement accuracy is not as great as might be desired.  Most state
departments of transportation (DOTs) are comfortable with 0.01 mile (0.016 km) accuracy.  However,
current technology enables much better accuracy.  A DMI can capture length measurements to an
accuracy of 1 foot per mile (0.19 meter per kilometer).  The question addressed by this research is
whether or not it is feasible to use LIDAR data to determine road length with satisfactory accuracy.
Compared to traditional photogrammetry and ground surveying methods, LIDAR provides a more
efficient and cost effective approach to obtain highway information including road length, without the
sacrifice of accuracy (Veneziano 2004).  Thus the paper presents a methodology for moving from LIDAR
point cloud data to elevations on road centerlines thereby supporting length calculations.  Results are then
compared with DMI values.
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3-D Spatial Modeling

Currently, 3-D spatial modeling techniques are being widely used in modeling three-dimensional polygon
(or area) objects so that important information about gradients, aspects, and volumes is captured (Dias, J.
et. al. 2006, Dias, P. et. al. 2006, Lopes and Dias 2006).  They could also be applied to modeling three-
dimensional linear objects and capturing geometric information about linear objects such as gradients,
curves, and distances, which are very important to applications such as flood response and management,
highway geometric designs, routing procedures, and road inventory (Cai 2003, Cai et al. 2007).

LIght Detection And Ranging (LIDAR)

Over the last few years, airborne LIDAR technology has become an economical way to capture elevation
information for DEMs and Digital Terrain Models (DTMs) (Turner 2000, Hill et. al. 2000).  LIDAR
systems emit rapid pulses of laser light to precisely measure distances from a sensor mounted on an
aircraft to targets on the ground.  Modern LIDAR systems provide surface information for the Earth and
features on and above the surface, such as vegetation canopies and building foot print locations (Serr
2000).

The results obtained from LIDAR measurements can be either point clouds or DEMs (Flood 1997).  A
point cloud is simply a collection of X, Y, and Z coordinates.  A DEM is a uniform grid wherein each cell
is assigned an elevation.  The assigned elevations are derived, through various forms of interpolation,
from the point cloud data.  The size of the cells can vary with 20 foot (6.10 meter) and 50 foot (15.24
meter) squares being typical.

The effects of LIDAR error result in a typical 6-inch error budget in elevations.  The best absolute vertical
accuracy that can be guaranteed from current technology is ±6 inches (±15 centimeters) (Hill et. al. 2000).
LIDAR results usually have horizontal errors several times greater than vertical errors.  This is mainly
because sensor attitude (roll, pitch, heading, and etc.) errors propagate to a much larger significance
horizontally than vertically (Baltsavias 1999, Hodgson and Bresnahan 2004, Morsdorf et. al. 2003).  This
phenomenon is quite unusual compared to other types of surveying such as photogrammetric surveying
and GPS surveying.  In addition, LIDAR accuracy depends on surface types.  Errors are much higher for
non-solid surfaces.

METHODOLOGY

This section describes the 3-D target point model and its variants developed in this research, how the
model is constructed, and 3-D distance prediction scenarios.

3-D Point Model

The most important aspect of 3-D spatial modeling is the treatment of the third dimension (elevation), in a
similar way as the other two planimetric dimensions are being treated in 2-D spatial modeling (Turner
1989a, Turner 1989b, Li 1994).  In 2-D modeling, a line object is constructed by connecting two or more
points (vertices) that have X and Y coordinates.  Similarly, in 3-D modeling, a line is connected by
connecting two or more 3-D vertices that have X, Y, and Z coordinates.

In LRSs, the location of a point along a linear road segment is specified by a distance (the 3-D distance)
along the road segment measured from some reference starting location like an intersection, not by X and
Y coordinates (Vonderohe et. al. 1995).  Taking a similar approach to model the planimetric projection of
a road centerline, all features or events along the road are located by a planimetric distance along its
centerline from the start point.  Consequently, a 3-D point can be located in a three-dimensional space via
the distance measure (planimetric distance) and the associated elevation.  This leads to a variation of the
3-D point model as illustrated in Figure 1, in which a 3-D line is represented in a two-dimensional
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coordinate system with one dimension represents the planimetric distance along the projected line and the
other dimension represents the elevation (Cai 2003).

Figure 1:  A 3-D Point Model based on the Concept of LRS

The prerequisite of adopting a 3-D point model is that there must be sufficient number of vertices (high
density of vertices) in order to achieve an acceptable degree of accuracy.  Generally, more 3-D points
indicate a closer approximation to the original linear object.  This model can be further simplified by
assuming that after plotting 3-D vertices on the coordinate system illustrated in Figure 1, the neighboring
3-D vertices are connected via straight line segment.  This simplification is very convenient for specific 3-
D analyses such as distance prediction.

This simplified model is of interest because it is appropriate for modeling transportation linear objects for
three significant reasons.  First, transportation linear objects are all man-made regularly shaped objects
connected with straight lines and curves.  Second, sufficient 3-D points could be obtained.   And third,
LRSs are being widely implemented at state DOTs.  Many state DOTs now have road data in an LRS
compatible format.  The major advantage of the proposed model is that it solves the difficulty in deriving
a “best-fitting” line for a given set of points.  Using this variant, elevations for those points other than
vertices could be linearly interpolated from neighboring vertices.

Model Construction

The critical part of constructing the 3-D point model for lines is the derivation of 3-D points along the
line.  Two different approaches are under consideration in this research when working with LIDAR point
clouds and when taking road geometry into consideration: (a) the interpolation approach and (b) the
approximation (snapping) approach.  In either case we are starting from the original raw data files - the
point clouds - for our positions and elevations.  The goal is to determine elevations at unsampled
locations along road centerlines from the irregularly spaced samples (LIDAR points) that have elevations
available.  The interpolation approach is based on the linear interpolation method that is widely used in
spatial interpolation.  The snapping approach is based on the concept of the nearest neighbor method.
Other spatial interpolation techniques such as the inverse distance weighting (IDW) and kriging were not
considered in this research.
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LIDAR point clouds refer to the elevation data that is in the format of numerous 3-D points with X, Y,
and Z coordinates stored in text files.  These 3-D points are not uniformly distributed.

In this research LIDAR point clouds were obtained from the North Carolina Flood Mapping program.  It
should be noted that the North Carolina LIDAR point clouds have relatively low densities (about 20ft or
6.10 meter between two neighboring points).  An average point spacing in the range of 0.5 meter to 2.0
meter is common in today’s LIDAR data (Hopkinson et. al. 2004, Clode et. al. 2004, Zhang and Whitman
2005, Koch et. al. 2006).

Because the North Carolina LIDAR point clouds have relatively low densities, it is rarely the case that
many points would spatially distribute on a linear feature (a road centerline).  However, many points will
fall somewhere on the road pavement surface.  Our goal therefore is to identify those points on the
roadway surface because they are the ones that can indicate the road surface elevation.

The interpolation method is general enough to be applied to points along any linear object.  The snapping
approach takes into consideration the average density of LIDAR points and the geometric properties of
transportation linear objects.  It was developed specifically to be utilized for transportation linear objects.

Interpolation

The interpolation approach can be used to identify LIDAR points that are close to linear features and
interpolate elevations from these points.  For a linear object, a buffer of a certain size is superimposed
around the object.  All LIDAR 3-D points within this buffer are identified to obtain elevations for the
points along this line segment.

All LIDAR 3-D points within the buffer are categorized into 3 groups, A, B, and C as illustrated in Figure
2.  Group A includes all points on one side of the line, group B includes all points on the other side of the
line, and group C includes all points on the line.  For each point P in group A, a corresponding point Q in
group B is identified, which has the shortest planimetric distance from group B points to point P.  These
two points are connected with a straight line that intersects the line segment.  The elevation for this
intersection is linearly interpolated from the two corresponding points P and Q.

Figure 2:  Identifying Intersections and Determining Their Elevations

The start node and the end node of the linear object get their elevations by taking a weighted average
three or four closest LIDAR 3-D points based on the planimetric distances.  All points in group C are then
used together with the start node, and end node, and those intersections identified as 3-D points to
represent the linear object.

Snapping

The snapping approach takes into consideration the density of the LIDAR 3-D point cloud and the
geometric properties (cross-sectional slope, for example) of the transportation linear objects (the roads) to

Q
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Group B Point
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Group B Points
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obtain 3-D points along their centerlines.  First, a buffer of a certain size is superimposed around the
object as is shown in Figure 3.  All LIDAR 3-D points contained in this buffer are obtained.  The size of
the buffer should be small enough to make sure that all LIDAR points inside the buffer are on the
pavement surface and large enough to contain a sufficient number of LIDAR points to determine their
elevations.  If the buffer size is too small, some LIDAR points on the pavement surface will be needlessly
excluded resulting in the loss of valuable data points.  Consequently, the resulting 3-D line will be
missing vertical curvatures and the predicted length could be shorter than the actual length.  Conversely,
if the buffer size is too large, points that are outside the buffer and not on the pavement surface will be
included.  Consequently, the resulting 3-D line could introduce inaccuracies and the predicted length
could be longer than the actual length.  Those outlying points could lie at the base of a ditch or on a hill
and not at all reflect an accurate pavement surface elevation.

For a typical 2-lane road, the buffer size should approximate the typical lane width.  The result of
superimposing a buffer of this size should be, for the most part, the extraction of a set of points that lie
directly on the surface of the road itself.

Figure 3:  Snapping LIDAR Points to the Road Centerline

The LIDAR 3-D points that are in the buffer are then snapped to the road centerline.  More specifically,
each LIDAR 3-D point identifies its shortest planimetric distance to the road centerline as illustrated in
Figure 3.  This point along the road centerline takes its X and Y coordinates from the road centerline and
it’s Z-coordinate from the LIDAR 3-D point.  This approach results in a set of many 3-D points along the
road centerline along with their X, Y, and Z coordinates.

Comparison of Interpolation and Snapping

In some situations the snapping approach might be more accurate than the interpolation approach.  One
such scenario is illustrated in Figure 4 wherein the vertical error due to snapping is smaller than the
vertical error due to interpolation.

The situation illustrated in Figure 4 is rarely the case because it is most common that the two input
LIDAR points and the corresponding point on the road centerline form a surface that is vertical to the
ground, but not perpendicular to the road centerline as illustrated in Figure 5.

Legend
Points in 12ft Buffer
3-D Points on Road Centerline

Interstate FTSeg
12ft Buffer

Buffer
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Figure 4:  Cross-Sectional Comparison of Vertical Errors Due to Interpolation and Snapping

In Figure 5, assuming LIDAR points A and B have elevation values e1 and e2, respectively, the
interpolation approach will obtain the elevation value for point C as [e1 + (e2 – e1) * (distance of
AC/distance of AB)], where the distances are planimetric distances.  The snapping approach will obtain
two 3-D points along the road centerline as shown in the planimetric view of Figure 5 as point B′ (with
elevation e2) and point A′ (with elevation e1).  However, if the elevation at point C were to be
interpolated from points A′ and B′, it would be [e1 + (e2 – e1) * (distance of A′C/distance of A′B′)].  It is
obvious that (distance of A′C/distance of A′B′) equals (distance of AC/distance of AB) and consequently,
the elevation obtained for point C would be the same in both interpolation and snapping approaches.

Figure 5:  3-D Comparison of Vertical Errors Due to Interpolation and Snapping

It should be noted that the snapping approach would generate as many as double the number of 3-D points
along the road centerline as that of the interpolation approach when the same set of LIDAR points are
used.  Generally, the more 3-D points along the road centerline, the closer to the real-world object will the
3-D model be when using a series of lines connected to each to model the 3-D line.  The snapping
approach was used herein to obtain 3-D points along the road centerline from the LIDAR points.

3-D Distance Determination

3-D distance is defined as the actual distance or surface distance along the length of a linear object, not
the planimetric or 2-D distance.  While many technologies such as ground surveying, GPS, and DMI
could be used to obtain 3-D distances, they are time-consuming and labor intensive and require field
work.  Here we are suggesting the determination of 3-D distances for linear objects by computing rather
than by field work.  This is an efficient approach that will save time and labor costs, given the availability
of LIDAR data (Cai 2003).  It should be recognized that we are attempting to determine "accurate"
distance and road centerline length values for 78,000 miles (125,528 km) of state maintained road.
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CASE STUDY

A transportation case study was established wherein the 3-D model was implemented and the accuracy of
the predicted 3-D distances was evaluated via comparisons to reference data.  The effects on the accuracy
of the density of the resulting 3-D vertices are evaluated.

Study Scope

The scope of this case study, illustrated in Figure 6, was based on the availability of LIDAR point data in
NC, while taking sample size (number of road features) and variety in consideration.  It includes portions
of Interstate highways in 9 counties (Durham, Granville, Halifax, Johnston, Nash, Orange, Vance, Wake,
and Wilson), and US routes and NC routes in Johnston County, NC.

Figure 6:  Case Study Scope

Data Sources

Three data sets are used in this case study: planimetric road centerline data, LIDAR point cloud data for
3-D model construction, and DMI data for accuracy evaluation.

Road Centerline Data

The planimetric road centerline data were obtained from the GIS unit of North Carolina Department of
Transportation (NCDOT).  They are digitized from Digital Ortho Quarter Quadrangles (DOQQs) with a
resolution of 1 meter.  They are georeferenced to State plane coordinates.  The datum is NAD83.  The
source measurement units are either meters or feet.

The road centerline data were initially structured in a link-node format.  For data sharing purpose,
framework transportation segments (FTSegs) are extracted from the link-node road centerline data.  That
is, the link node transportation network model was converted to the segment data model of the Federal
Geographic Data Committee (FGDC) (FGDC 2000).

LIDAR Point Data

The LIDAR elevation data used in the case study were obtainable from the North Carolina Floodplain
Mapping Program (www.ncfloodmaps.com).  Since the source data files were quite large, those data grid
tiles immediately surrounding road segments were included in the study scope and downloaded.  A total
of 186 grid tiles (a tile has a geographic dimension of 10,000 ft * 10,000 ft) surrounding Interstate
highways in the study scope and 257 grid tiles in Johnston County were downloaded.

Legend
Roads included in the Study Scope
Counties in the Study Scope
County

http://www.ncfloodmaps.com
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The downloaded mass point data were bare earth data free from vegetation, buildings, and other man-
made structures, in the format of ASCII files (NCCTS 2003).  The horizontal datum is North American
Datum of 1983 (NAD83).  The projection is Lambert Conformal Conic projection.  The coordinate
system is State Plane (North Carolina).  The vertical datum is North American Vertical Datum
(NAVD88).  Both vertical and horizontal units are feet.  Average density for the points in Johnston
County is approximately 18.6 feet (5.67 meter).  Data quality issues for this data set are discussed in
reference (NCCTSMP 2001).  The LIDAR data used in this case study has a vertical accuracy of 25 cm
(vertical RMSE).

DMI Data

A DMI works in a similar way to more familiar vehicle odometers.  It is different than electronic distance
measurement (EDM) that is widely used in ground surveying.  A DMI can be viewed as a receiver
mounted on the dashboard inside a vehicle, which is connected to sensors.  For accurate electronic
measurement of distance, a pulse generator (either a wheel sensor or a transmission sensor) and an
electronic interface amplifier are required to work together with a DMI (Nu-Metrics 2002).  An electrical
impulse is generated by sensors when the vehicle is traveling.  The generated pulses are then sent to the
electronic interface amplifier.  The electronic interface amplifier divides and amplifies the pulses into the
suitable working rate.  The pulses from the electronic interface amplifier are then sent to the DMI which
mathematically converts the pulses to the distance the vehicle has traveled.

In the case study, the reference data, or DMI data, were collected for all road segments in the study scope
via fieldwork.  The DMI used to collect measurements was an NITESTAR® Model NS-60 from Nu-
Metrics, Inc.  This model has an accuracy of 1 foot/mile (0.19 meter per kilometer) (repeatability) in
measuring distances (Worawat and Rasdorf 2003, Nu-Metrics 1998).

Algorithms

Figure 7 illustrates the processing procedure used to model linear objects in a 3-D space and carry out 3-D
distance calculation when working with LIDAR point data and planimetric road centerline data.  For each
FTSeg, a buffer having the size of the typical lane width was applied to identify LIDAR points on the
pavement surface.  For Interstate and US highways the buffer size is 12 ft.  For state highways the buffer
is 10 ft.  The steps of carrying out the processing procedure are provided as below.

1) From the road network data, an individual linear object is selected.
2) A buffer with the appropriate size is applied.
3) The LIDAR points are overlaid with the buffer and all LIDAR points in the buffer are identified.
4) For each LIDAR point in the buffer, it is snapped to the linear object (i.e., find the closest point on

the linear object) so that a set of points are obtained along the linear object.  These points obtain
their X and Y coordinates from the line and their Z coordinates from the corresponding LIDAR
point's coordinates.  In addition, for each point, its planimetric distance (S) along the linear object
from the start node of the linear object is obtained.

5) The start and end nodes of the linear object are identified.
6) The elevations of the start and end nodes from step 5) are interpolated from the neighboring points

identified in step 4).
7) The points generated in step 4) are merged with the 3-D points from step 6) to obtain a set of 3-D

points along the linear object, including its start and end nodes.  (The linear object can now be
modeled in a three-dimensional space with these 3-D points.)

8) Compute the 3-D distance for each segment that connects neighboring 3-D points and sum these 3-
D distances to obtain the 3-D distance for the linear object.

9) These steps are repeated for every individual linear object contained in the road network data.
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After the snapping step described previously and this step, each FTSeg in the study scope of this case
study is completely covered by a set of 3-D points starting from its start point and ending at its end point.
Each 3-D point is associated with the following information: X, Y, and Z coordinates, the identity of the
FTSeg along which it is located, the planimetric distance along the road centerline from this 3-D point to
the start point of the FTSeg in which it is located, and the 2-D planimetric length of that particular FTSeg.

Figure 7:  Algorithm for Modeling Road Centerlines in 3-D and Predicting their 3-D Distances

Quality Control (Assessing Point Clouds and Correctly Allocating Points)

Road centerlines are continuously smooth lines in a 3-D space.  When modeling a 3-D line with a series
of 3-D points on that line, these 3-D points would follow the general trend of the line being modeled.  In
other words, when plotting these 3-D points using a planar cross section with elevation (Z) as the vertical
axis and the distance to the start point along the road centerline as the horizontal axis, these points would
approximate a smooth line (using an appropriate scale).  In the case study, such plots were obtained for all
FTSegs.  But these plots revealed that some points did not follow the general trend of a smooth line.
Those that did not were defined as suspect points and required further investigation.

Examining the road centerline data and the 3-D points reveals that some suspect points are associated
with a scenario such as that illustrated in Figure 8.  This figure shows 4 FTSegs connected planimetrically
at points P1 and P2.  P1 is the end point of F1 and the start point of F2.  P2 is the end point of F3 and the
start point of F4.  P1 and P2 have the same X and Y coordinates but different elevations (assuming an
overpass or underpass, F1 and F2 are actually connected via a bridge).  L1 and L2 are two LIDAR points
located on the pavement surface of F3 and are snapped to F3 resulting in points E1 and E2, respectively.
However, since L1 and L2 are also inside the buffer applied to F1 and F2, they are also mistakenly
snapped to F1 as points D1 and D2.  The elevation of point P1 is then interpolated from D1 and D2 and
consequently all of D1, D2, and P1 are suspect points.  Identifying these suspect points is achieved by
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linear interpolation from points T1 and T2, which are known to possess correct elevations.  That is if
points T1 and T2 are at elevations 100.00 and 102.00 for example, an elevation for point P1 of 101.00
would be interpreted to be correct but an elevation of 116.00 would be identified as erroneous.  All points
in the data set were examined in this manner to identify erroneous elevations and correctly assign
elevations to roads.

Figure 8:  Elevation Differences of Suspect Points

Special Cases

A special case is that in which a point that truly was not on the pavement surface is wrongly included in
the buffer.  This is caused by the road center line not being located where it belongs.  Thus, when it is
used to draw the buffer boundaries for the LIDAR points it may collect points that are off the road.  These
"bad" points can be identified because their elevation values will vary significantly from those on the road
surface.  Typically the cause of the variation would be the ditches along each side of the highway.  A
typical absolute maximum cross sectional highway slope is 10%.  Any elevations whose difference
exceeds 10% from the others could be discarded.  While we did not conduct such an analysis in this study
we highly recommend that it be done in the future because of the potential for GIS line work to be
misaligned.  There are cases where the off-road “ditches” are less then 10% different, yet still wrong.

In addition, there is another problem that provides an opportunity for further improvement.  In Figure 9,
the road segment has a curve.  Points L1 and L2 are two LIDAR points on different sides of the curve
(centerline).  It may be the case that L2 would have a significantly higher elevation than L1 due to super
elevation.  Snapping L1 and L2 to the road centerline results in two 3-D points shown as D1 and D2,
which might be very planimetrically close to each other but vary significantly in elevation.  This is in
contradiction with road centerline geometry.  In such a case it is more appropriate to use point A1 rather
than points D1 and D2 to model the road centerline in a 3-D space, where point A1 is the middle point
between D1 and D2.  The elevation of point A1 is set as the average of the elevations of D1 and D2.

Figure 9:  Points in Close Proximity
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Thus, for two snapped points that are close together and have a large difference in elevation a single
elevation is determined that is their average.  This value is assigned between them.  But how close should
the original points be?  The criteria are selected based on the average planimetric distances along the road
centerline between any two neighboring 3-D points.  The average planimetric distance is calculated as the
total of planimetric distances of road centerlines divided by the total number of 3-D points minus 1.
According to Table 1, average planimetric distances before proximity averaging vary by county and by
road type.  However, the average planimetric distances for 3-D points on Interstate highways in 9 counties
are quite close with an overall average of 9.69 feet (2.95 meter).  The average planimetric distance for 3-
D points on US routes is 9.77 feet (2.98 meter), which is very close to that of 3-D points on Interstate
highways.  The average planimetric distance for 3-D points on NC routes is 11.74 feet (3.58 meter).
Different road types have different average densities of 3-D points because road width varies with road
types, which leads to varying buffer sizes.  Based on this information, it was determined the threshold
value is 3 feet (0.91 meter) for 3-D points on Interstate highways or US routes and 4 feet (1.22 meter) for
3-D points on NC routes.

Table 1:  Average Density of 3-D Points Before and After Proximity Averaging

InterstateRoad
Type US NC Durham Granville Halifax Johnston Nash Orange Vance Wake Wilson All

Before Proximity Averaging
Points 71952 74490 17703 25192 19960 65333 29146 20078 12002 47540 18632 255586
Average
Distance 9.77 11.74 10.09 9.89 8.91 9.58 9.51 9.96 10.35 9.87 9.30 9.69

After Proximity Averaging
Points 60929 65626 15583 23489 18299 57859 26673 16816 10503 40269 17132 226623
Average
Distance 11.54 13.33 11.47 10.61 9.72 10.82 10.39 11.90 11.83 11.65 10.12 10.92

Table 1 illustrates point densities before and after this filtering.  All the distances are in units of feet.  The
table shows that the distance between points increased for all groups.  This is intuitive because
eliminating "close" points will obviously space out the remainder.  What was not previously known was
the magnitude of the increase.  While doing so a smoothing effect is introduced into the road's profile.
The precise impact on the distance calculation was not quantified.

Accuracy Evaluation

Modeling road centerlines in 3-D provides an efficient way to predict their distances.  The concern herein
is the accuracy of those distances.  Errors are inherent in spatial data sets and they propagate through GIS
analysis (Zhang and Goodchild 2002).  This section describes accuracy evaluation methods being used
and evaluation results from comparing predicted 3-D distances to DMI measured distances.  DMI is used
as the current "base."  It is not accepted as the "true" measurement.  Rather, it is a reasonably accurate
measurement that exists and is readily available.  Thus, we are interested in determining how well LIDAR
matches this measurement.

FTSegs Touching County Boundaries

Before conducting an accuracy evaluation, an interesting problem with FTSegs touching county
boundaries was identified.  The location of signs along roads, which delineate two neighboring counties,
does not usually match where the GIS line work places the county boundary on maps.  Because road
centerlines are digitized county by county based on DOQQs, and because the digital county line data is
obtained by measurements from signs, the location of the county boundaries on different maps often
differ.  Thus, it is inappropriate to evaluate the accuracy of predicted 3-D distances for those FTSegs
touching county boundaries by directly comparing them with DMI measurements.

Instead, it is clear that if these particular two FTSegs (the two on each side of the county boundary) are
treated as one FTSeg, this problem is avoided.  The combined FTSeg is deemed to be a singular FTSeg in
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the accuracy assessment.  The combined FTSeg has its predicted 3-D distance as the sum of the predicted
3-D distances of the two FTSegs before they were combined.  The corresponding DMI measurement
would also be the sum.  The errors introduced due to the misalignment of county delineation signs with
digital county lines are thus eliminated.  Table 2 shows the distribution of FTSegs in the study both before
and after this combination process.

Table 2:  FTSeg Distribution before and after County Boundary Segment Combination

Road Type Interstate Highway US Route NC Route All
# of FTSegs 184 78 48 310Before Combination
Percentage 59.4% 25.2% 15.4% 100%
# of FTSegs 158 71 36 265After Combination
Percentage 59.6% 26.8% 13.6% 100%

Accuracy Evaluation Results

This section presents the accuracy evaluation results by comparing the predicted 3-D distances to DMI
measured distances.  Errors are represented in two formats: the difference between the predicted 3-D
distance and DMI measured distance and the proportional difference based on DMI measured distance.

(1) Descriptive Statistics
Descriptive statistics being used in the case study for evaluating accuracies and errors include mean,
median, and sample percentiles for describing the central tendency of a sample, standard deviation and
variance, and skewness.

Table 3 provides descriptive statistics for both differences and proportional differences between the 3-D
distances predicted using LIDAR point data and the DMI measured distances.  The purpose of doing this
is to quantitatively describe all the samples in the case study.  The unit for difference is feet.  The unit for
proportional difference is feet per thousand feet (feet/1,000 feet).

Based on Table 3, it is observed that the samples representing proportional differences could all be
viewed as sufficiently asymmetrical, using ±0.5 as the criterion (FEMA’s empirically derived criterion),
causing the concern that the proportional differences may not represent normal distributions.  The
negative mean and median values lead to the underestimate observation, i.e. predicted distances are
shorter than actual distances.  The model developed in this study assumes that neighboring 3-D vertices
are connected via straight lines.  This assumption “straightens” curved lines and consequently, leads to
underestimated lengths.

Table 3:  Descriptive Statistics for Differences and Proportional Differences between Predicted and
DMI Measured Distances

Central Tendency Sample Percentiles Dispersion
Error

Format
Road
Type Mean Median 0 25 75 100 Standard

Deviation
Skew

All -8.43 -4.94 -71.40 -26.22 7.55 53.48 24.28 -0.30
*Inter -9.93 -5.53 -71.40 -26.21 5.85 48.29 22.76 -0.39
**US -10.81 -8.68 -71.15 -28.16 6.63 40.61 26.29 -0.19

Differences

***NC 2.86 5.29 -54.38 -11.55 21.67 53.48 24.21 -0.41
All -6.48 -0.72 -352.48 -305.48 -78.41 292.61 50.12 -1.71
*Inter -1.17 -0.69 -164.46 -2.94 0.72 114.12 32.14 -1.20
**US -15.02 -1.63 -352.48 -264.84 -201.84 85.54 62.36 -3.02

Proportional
Differences

***NC -12.92 0.36 -235.63 -12.81 1.18 292.61 78.83 0.50
*Inter indicates Interstate FTSegs **US indicates US FTSegs ***NC indicates NC FTSegs

(2) Statistical Inferences
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Table 4 shows the estimated confidence intervals for population means based on sample data for both the
difference and the proportional difference, based on a 95% (α = 5%) confidence.

Table 4:  Confidence Intervals for Population Means for Difference and Proportional Difference

Error Format Road Type Confidence Interval

All FTSegs -8.43 ± 2.94 feet
Interstate FTSegs -9.93 ± 3.58 feet

US FTSegs -10.81 ± 6.22 feet
Difference

NC FTSegs 2.86 ± 8.19 feet
All FTSegs -6.48 ± 6.06 feet/1,000 feet

Interstate FTSegs -1.17 ± 5.05 feet/1,000 feet
US FTSegs -15.02 ± 14.76 feet/1,000 feet

Proportional Difference

NC FTSegs -12.92 ± 26.67 feet/1,000 feet

Based on Table 4, it is observed that at the level of α = 0.05 (95% confidence), most of the estimated
confidence intervals for population means have negative boundaries, which confirms the underestimate
observation that was obtained by examining the descriptive statistics earlier.

(3) 100% and 95% RMSEs
In GIS, a commonly used method for accuracy assessment, especially in evaluating the accuracy of point
locations by comparing them with a higher accuracy data set, is the calculation of RMSE (Daniel and
Tennant 2001).  Assuming a sample of size n and n errors from e1 to en, RMSE is calculated using
Equation (1).

RMSE = [(e1
2 + e2

2 + e3
2 + … + en

2)/n] ½; where e1, e2, e3, …, en are errors. (1)

Table 5 provides RMSEs, reported accuracies, number and percentage of outliers, mean, and absolute
means for differences and proportional differences between predicted 3-D distances and DMI
measurements, using 100% and the “best” 95% of the data.  The reported accuracy is calculated as 1.96 *
RMSE.  The absolute mean represents the mean of error magnitudes.

It is observed that for differences, there are no outliers.  However, for proportional differences, there are
outliers with small percentages.

Table 5:  100% and 95% RMSE

Data Error
Format Road Type RMSE Reported

Accuracy
# of

Outliers
Percentage
of Outliers Mean Absolute Mean

All 25.65 50.27 0 0% -8.43 19.92
Interstate 24.76 48.53 0 0% -9.93 18.64
US 28.26 55.39 0 0% -10.81 22.71Differences

NC 24.04 47.12 0 0% 2.86 20.06
All 50.44 98.86 7 2.64% -6.48 21.56
Interstate 32.06 62.84 5 3.16% -1.17 14.09
US 63.72 124.89 2 2.82% -15.02 31.22

100%

Proportional
Differences

NC 78.80 154.45 1 2.78% -12.92 35.25
All 22.48 44.06 0 0% -5.74 17.85
Interstate 21.39 41.92 0 0% -7.32 16.49
US 25.28 49.55 0 0% -8.14 20.67Differences

NC 21.32 41.79 0 0% 3.34 18.27
All 24.90 48.80 6 2.38% -0.50 12.91
Interstate 18.19 35.65 6 4.00% 0.62 8.79
US 35.47 69.52 1 1.48% -4.03 21.08

95%

Proportional
Differences

NC 51.93 101.78 1 2.92% -16.62 23.01
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Figure 10:  RMSE Tendencies with Varying Road Types

Figure 10 graphically illustrates that RMSEs vary with road types.  From the aspect of difference, the
groups of US FTSegs have higher RMSEs than the groups of Interstate FTSegs and NC FTSegs.  From
the aspect of proportional difference, the groups of Interstate FTSegs have the lowest RMSEs while the
groups of NC FTSegs have the highest RMSEs .

(4) Frequency Analysis
In the case study, frequency analysis was conducted to quantitatively describe the distribution of
differences and proportional differences.  It differs from RMSEs and descriptive statistics in that it
focuses on the distribution of the magnitude of differences and proportional differences rather than on
obtaining a singular value for a complete sample.

In the case study, a cumulative approach was taken for frequency analyses.  The groups for differences
were defined as [-5, 5], [-10, 10], [-20, 20], [-30, 30], [-50, 50], and (-∞, -50) or (50, +∞), with units of
feet.  The groups for proportional differences were defined as [-1, 1], [-5, 5], [-10, 10], [-20, 20], [-30,
30], [-50, 50], [-100, 100], and (-∞, -100) or (100, +∞), with units of feet/1,000 feet.  [-5, 5] indicates a
group that has all measurement differences (from a sample) which are greater than or equal to -5 and less
than or equal to 5.  The group of (-∞, -50) or (50, +∞) indicates a group that has all measurement
differences which are either less than -50 or greater than 50.

Table 6 shows the results of frequency analysis for the differences and proportional differences between
predicted 3-D distances using LIDAR point data and the DMI measured distances.  Based on Table 6, it is
observed that

• The majority (over 50%) of the differences are in the [-20, 20] error range.
• Over 90% of the differences are in the error range of [-50, 50].
• The majority of proportional differences are in the [-5, 5] error range when all FTSegs are

considered together.

ft ft/1,000 ft
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• When the road type of FTSegs are considered, the majority of Interstate FTSegs and NC FTSegs are
still in the [-5, 5] error range.  However, for US FTSegs, the corresponding error range becomes [-
20, 20].

• For the proportional differences, about 86% are in the [-50, 50] error range and over 90% are in the
[-100, 100] error range.

Table 6:  Results of Frequency Analysis (LIDAR Point Data)

All FTSegs Interstate FTSegs US FTSegs NC FTSegsError
Format Groups # % # % # % # %

[-5, 5] 52 19.62% 33 20.89% 13 18.31% 6 16.67%
[-10, 10] 97 36.60% 68 43.04% 20 28.17% 9 25.00%
[-20, 20] 151 56.98% 98 62.03% 35 49.30% 18 50.00%
[-30, 30] 205 77.36% 122 77.22% 52 73.24% 31 86.11%
[-50, 50] 249 93.96% 150 94.94% 65 91.55% 34 94.44%

Differences

(-∞, -50) or (50, +∞) 16 6.04% 8 5.06% 6 8.45% 2 5.56%
[-1, 1] 64 24.15% 49 31.01% 4 5.63% 11 30.56%
[-5, 5] 153 57.74% 107 67.72% 25 35.21% 21 58.33%

[-10, 10] 177 66.79% 118 74.68% 35 49.30% 24 66.67%
[-20, 20] 201 75.85% 129 81.65% 46 64.79% 26 72.22%
[-30, 30] 211 79.62% 133 84.18% 51 71.83% 27 75.00%
[-50, 50] 228 86.04% 140 88.61% 60 84.51% 28 77.78%

[-100, 100] 250 94.34% 153 96.84% 65 91.55% 32 88.89%

Proportional
Differences

(-∞, -100) or (100, +∞) 15 5.66% 15 9.49% 6 8.45% 4 11.11%
# indicates the number of FTSegs. % indicates the percentage.

Comparison with DEM Method

DEMs are a primary traditional source of surface elevation data.  So it would be useful to determine how
well the proposed approach of using the original point cloud data compares to using a DEM.  This section
describes such a comparison.

In this case study, DEMs of 20 ft resolution were created from LIDAR points.  A bilinear interpolation
method was used to obtain elevations of points along the road centerlines.  These points distribute
uniformly along the road centerline, i.e. the planimetric distance along the road centerline between two
neighboring points is constant.  This planimetric distance is defined as the interval.  Two intervals were
taken, one at the DEM resolution (20 ft) and the other at the half DEM resolution (10 ft).  Lengths for the
same set of road centerlines were calculated and compared to DMI distances to evaluate the accuracy.
Table 7 reports the comparison of RMSEs between the use of LIDAR point data and the LIDAR DEM
method.

Table 7:  Comparison of RMSEs between the Use of LIDAR Point Data and LIDAR DEMs

LIDAR 20-ft DEMRMSE Error Format LIDAR Point
Data 10-ft Interval 20-ft Interval

Difference 25.65 33.30 33.73100%
RMSE Proportional Difference 50.44 51.28 51.26

Difference 22.48 27.65 28.0195%
RMSE Proportional Difference 24.90 26.36 26.33

It is observed from Table 7 that the proposed snapping approach of using LIDAR points directly has a
higher accuracy than the DEM approach, regardless of the interval size.  From the perspective of 95%
RMSE of difference, the improvement is approximately 19%.  From the perspective of 95% RMSE of
proportional difference, the improvement is approximately 6%.
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Significance Analysis

In our study, the 3-D distance for a line was predicted by assuming that two neighboring vertices were
connected via a straight line segment after plotting them onto a coordinate system with elevation as the
vertical axis and the planimetric distance being along the line from the vertex to the start point of that line.
As a general rule, the higher the average density of 3-D vertices a line has, the more accurate the
predicted distance would be.  The primary purpose of a significance analysis for the case study was to
evaluate the effects of the average density of these 3-D vertices on the accuracy of the predicted 3-D
distance when compared to DMI measured distance.

Analysis Methods

Two methods were used to evaluate the effects of the average density of 3-D vertices on the accuracy of
the predicted distance.  The first is the calculation of a sample correlation coefficient of two variables
(usually denoted as variable X and variable Y).  The closer to 1 the value of the sample coefficient of
determination is, the stronger the linear association is (Rao 1998).  A value of 0 of the sample correlation
coefficient indicates there is no linear association.  The sign of the sample correlation coefficient
determines if there is a positive or a negative linear association between two variables.

In this case study, variable X is the error of the predicted 3-D distances (the difference or the proportional
difference between predicted 3-D distances and the DMI measured distances).  Variable Y is the factor
under consideration (the average density of 3-D points).

The second method is the grouping and comparison method.  With this method, rather than grouping
roads into different road types, roads are grouped based on the value of the factor under consideration,
such as the average planimetric distance of 3-D points on a particular FTSeg.  RMSEs for these groups
are compared and the effects of the factor under consideration on the accuracy of the predicted 3-D
distances can be determined.

Significance Analysis Results

Before calculating sample correlation coefficients, the error variables (the difference, the absolute
difference, the proportional difference, and the absolute proportional difference) are plotted against the
average planimetric distance to determine if there is a need to search for linear correlations.  It is found
that when the difference and the proportional difference are both considered, there is no linear association
between the error and the average planimetric distance of 3-D points.  Consequently, sample correlation
coefficients are only calculated to quantify the linear associations between the error magnitudes (the
absolute difference and the absolute proportional difference) and the planimetric average distance of 3-D
points.  Results are summarized in Table 8.

Table 8:  Summary of Sample Correlation Coefficients

Factor Road Type Absolute
Difference

Absolute Proportional
Difference

All FTSegs -0.35 0.30
Interstate FTSegs -0.33 0.64

US FTSegs -0.36 0.13

Average
Planimetric

Distance of 3-D
Points NC FTSegs -0.47 0.10

Based on Table 8, it is observed that there is a negative linear association between the planimetric average
distance of 3-D points and the error (absolute difference) and a positive linear association between the
planimetric average density of 3-D points and the proportional error (absolute proportional difference).  In
other words, the higher the average density of 3-D points being used to represent an FTSeg in a 3-D
space, the smaller the error that segment has and the larger the proportional error it has.
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Table 9 shows the grouping of FTSegs and corresponding RMSEs, based on the average density of 3-D
points being used.  The average density is in units of feet.  Figure 11 graphically illustrates the
comparisons based on the average density of 3-D points.  Group 1 has the highest average density of 3-D
points and Group 6 has the lowest average density of 3-D points.

Table 9:  Grouping and RMSEs Based on the Average Distance of 3-D Points

Group
Name

Average Distance
of 3-D Points

Number
of FTSegs Percentage RMSEs of the

Difference
RMSEs of the Proportional

Difference
Group 1 (7.5 - 10] 21 7.92% 11.92 109. 56
Group 2 (10 - 11] 65 24.53% 26.56 68.23
Group 3 (11 - 12] 53 20.00% 32.23 45.36
Group 4 (12 - 13] 43 16.23% 34.15 38.48
Group 5 (13 - 20] 41 15.47% 38.67 34.57
Group 6 (20 - +∞) 42 15.85% 45.34 8.63

Total -- 265 100% -- --
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Figure 11:  Comparison of RMSEs of the Difference and Proportional Difference for Groups Based
on the Average Distance of 3-D Points

It is observed from Table 9 and Figure 11 that from the point of view of difference, the overall trend is
such that the RMSEs increase with the increase in the average distance between 3-D points (the decrease
in the average density of 3-D points).  Groups that include FTSegs with higher average distance of 3-D
points have higher RMSEs (lower accuracies).  The variation of RMSEs is quite constant from Group 1 to
Group 6.

From the point of view of proportional difference, the overall trend is the reverse.  The RMSEs decrease
with an increase in the average distance of 3-D points.  Groups that include FTSegs with higher average
distance of 3-D points have lower RMSEs (higher accuracies).  Again, the variation of RMSEs is quite
constant from Group 1 to Group 6.
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Cost Analysis

The scope of the case study included 160 Interstate road segments with a total length of approximately
446 miles, 102 US road segments with a total length of approximately 71 miles, and 118 NC road
segments with a total length of approximately 36 miles.  This results in a total of 267 road segments of
approximately 666 miles in length.

Using the snapping approach, it took approximately 3 person-days to develop, test, and debug the
program, 2 to collect the data, and 2 to pre-process the data.  The program was executed in an overnight
mode, i.e., it was started around 5 pm and left running overnight without any interaction.  In addition, it
took 2 person days to apply quality control measures.  A total of 9 person-days were estimated to
complete the length calculations for the 666 miles of road segments in the case study.

The DMI distances that were collected in the case study were intended to provide reference data for
accuracy evaluations.  This was done using the same procedure that DOT personnel were using to
measure highway mileages.  It took 1 person-day to prepare maps and calibrate the equipment, 10 person-
days (a team of 2 persons, 5 days in the field) to perform the measurements in the field, and 2 person-days
to perform quality control and data entry.  A total of 13 person-days were required to obtain DMI
distances for the 666 miles of road segments in the case study.  The majority of the field time was spent
on identifying start and end points, stopping at these points, and starting from them.

Given this scenario, the proposed GIS snapping approach would save approximately 4 person-days to
obtain lengths for the 267 road segments of the case study compared to DMI.  For example, NCDOT
maintains approximately 78,000 miles of highways.  Using the GIS snapping approach would save
NCDOT approximately 820 person-days (78,000/666)*6 – (78,000/666)*13) which is just over 3 person-
years.  If one removed program development time for future mileage estimates a far greater savings
would accrue.  The reader should note that this cost and savings analysis is an estimate.  It assumes that
both of the planimetric road centerline data and elevation data are available.

CONCLUSIONS

We have found that with current computer software technologies and available data sets it is technically
feasible to accurately model linear objects in a 3-D space, using a point model similar to that developed in
this study.  A linear object can be efficiently modeled in a 3-D space using a series of 3-D points with X,
Y, and Z coordinates connected via a series of straight lines.  In order to construct such a 3-D model, two
data sets are required.  One is the planimetric line data obtained from a GIS.  The other is the elevation
data obtained from LIDAR point clouds.

It is also concluded that LIDAR point clouds can be directly used in modeling linear objects in a 3-D
space (instead of being interpolated into traditional elevation data (DEMs)) with the snapping approach
proposed herein.  This approach was found to be well suited to the characteristics of the linear objects
being modeled (roads of varying widths) and the density of the LIDAR points from the data set.  The
approach resulted in a higher accuracy compared to a more traditional use of a DEM data set.

The prerequisite for the use of the 3-D model and the 3-D approach to predict 3-D distances for linear
objects is that the line data must be planimetrically correct.  Without planimetrically correct line data, the
resulting 3-D lines and the predicted 3-D distances would be erroneous because LIDAR points that should
not be snapped would be snapped while LIDAR points that should be snapped might not even be used.
Furthermore, because the LIDAR points are snapped to the planimetric lines, the snapping approach
would be erroneous.  Thus, the wrong elevations would be generated.

Furthermore, it is concluded that errors of the predicted 3-D distances, when compared to DMI measured
distances (either in the format of differences or proportional differences), are not normally distributed.
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The 100% RMSE of the predicted 3-D distances using LIDAR point data is 25.65 feet (6.90 meter) for the
difference and 50.44 feet/1,000 feet (15.37 meter/1,000 meter) for the proportional difference.  The 95%
RMSE is 22.48 feet (6.85 meter) for the difference and 24.90 feet/1,000 feet (7.59 meter/1,000 meter) for
the proportional difference.  The majority of the errors are less than 20 feet (6.10 meter) and 5 feet/1,000
feet (1.52 meter/1,000 meter).  The accuracy of the predicted 3-D distances varies with road types.  From
the point of view of difference, NC FTSegs had the best accuracy, followed by Interstate FTSegs.  From
the point of view of proportional difference, Interstate FTSegs have the best accuracy.

The average density of 3-D points has a significant effect on the accuracy of the predicted 3-D distances.
There is a positive linear association between the error of the predicted 3-D distance and the average
density of 3-D points from the point of view of the absolute difference but a negative linear association
from the point of view of the absolute proportional difference.  In other words, the higher the density of 3-
D points being used to represent the FTSeg in a 3-D space, the smaller the absolute error and the larger
the proportional error.

It is important to comprehensively consider errors of all types.  Errors in GIS distances would affect the
horizontal component of the lines we are modeling.  Still, the fact that we are using an accurately
positioned horizontal component adds to the accuracy.  In fact, there is no other way to achieve the
desired result.  Still, additional errors may result from using piecewise linear rather than curved
centerlines.  The piecewise element results in a straight line approximation rather than precisely
incorporating the road surface elevation on a continuous basis.  These are items of note for consideration
by other researchers.

The key finding is emphasized again: the 3-D modeling approach developed in this study provides an
efficient way to predict 3-D distances for road centerlines and a LIDAR data set provides satisfactory
means for doing so.  Using this approach, all distances are calculated by computer.  For most practical
applications no DMI, ground surveying, or GPS measurement is needed to determine road satisfactorily
accurate centerline distances.  This results in significant savings in equipment, time, and personnel.  The
implications of the work, however, transcend the transportation application investigated herein.  In fact,
the results apply to any linear entity that can be modeled using GIS, particularly infrastructure
applications including water, sewer, other forms of piping, communication and power lines, etc.
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