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Abstract: Active contour models present a robust segmentation approach which make efficient use of
specific information about objects in the input data rather than processing all the data. They have been
widely used in many applications including image segmentation, object boundary localisation, motion
tracking, shape modelling, stereo matching and object reconstruction. In this paper, we investigate the
potential of active contour models in extracting roads from Mobile Laser Scanning (MLS) data. The
categorisation of active contours based on their mathematical representation and implementation are
discussed in detail. We discuss an integrated version in which active contour models are combined to
overcome their limitations. We review various active contour based methodologies which have been
developed to extract roads and other features from LiDAR and digital imaging datasets. We present a
small case study in which an integrated version of active contour models is applied to automatically
extract road edges from MLS dataset. An accurate extraction of left and right edges from the tested
road section validates the use of active contour models. The present study provides a valuable insight
on the potential of active contours for extracting roads and other infrastructures from 3D LiDAR
point cloud data.
Keywords: active contour models, LiDAR, segmentation, road edges

1. Introduction
Light Detection And Ranging (LiDAR) enables 3D modelling of real world environment by
measuring the time of return of an emitted light pulses. The information obtained through laser
scanning systems, which use LiDAR technology, have application in road safety, urban planning,
flood plain, glacier and avalanche mapping, bathymetry, geomorphology, forest survey, bridge and
transmission line detection [1–3]. They provide several benefits over conventional sources of data
acqusition in terms of accuracy, resolution, attributes and automation [4]. The applicability of
laser scanning systems continue to prove their worth in mapping due to their ability to provide
georeferenced set of dense LiDAR point cloud data [5–7]. LiDAR data records a number of attributes
including elevation, intensity, pulse width, range and multiple echo, all of which can be used for
extracting information about real world environment. The methods developed for segmenting LiDAR
data are mostly based on the identification of planar or smooth surfaces and the classification of point
cloud data based on its attributes [8].
Active contour models present a robust segmentation approach which make efficient use of
specific information available about objects in the input data rather than processing all the data [9]. The
concept of active contour was first introduced by [10] and has been widely used for image segmentation
[11,12]. In this paper, we examine the potential of active contour models in extracting roads from
Mobile Laser Scanning (MLS) data. In Section 2, we discuss active contours and their categorisation
in detail. Section 3 reviews various approaches based on active contour models which have been
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developed for extracting roads and other objects from LiDAR and digital imaging datasets. In Section
4, we present a case study in which an integrated version of active contour models is applied to extract
road edges from MLS dataset. In Section 5, the road edge extraction results are discussed and finally,
the conclusions are drawn in Section 6.
2. Active Contour Models
Active contour models provide an efficient framework for object delineation from the input data.
They can be distinguised as parametric and geometric models [13]. The difference between the two
versions is how the contour is defined and behaves. The parametric active contour is represented
explicitly as a controlled spline curve that is implemented based on energy computations. The
geometric active contour is represented implicitly as a level set and is evolved based on geometric
computations. In the following sections, we describe parametric and geometric active contour models
in detail.
2.1. Parametric Active Contour Model
The parametric active contour, or snake, is defined as an energy minimising parametrised curve
within a 2D image domain that moves towards a desired object boundary under the influence of an
internal energy within the curve itself and an external energy derived from the image data [10]. The
internal energy is applied to the curve which controls the curve’s elasticity and rigidity, while the
external energy attracts the snake curve towards the object boundary. The movement of the snake curve
is controlled through balancing the internal and external energy terms until an energy minimisation
condition is met. When the snake’s energy function reaches a minimum, it converges to the object
boundary.
The snake is defined parametrically in the ( x, y) plane of an image as
v(s) = [ x (s), y(s)],

(1)

where x (s), y(s) are coordinates along the snake curve and s is the normalised arc length. The
curve v(s) is represented by a set of control points v0 , v1 .........vn−1 and is linearly obtained by joining
each control point as shown in Figure 1.

Figure 1. Snake curve initialised in the form of parametric ellipse.

The snake’s energy function can be described as

Esnake =

nZ−1

Esnake (v(s))ds.

(2)

0

The energy function constituting the internal and external energy terms is described as

Esnake =

nZ−1

( Eint (v(s)) + Eext (v(s)))ds,

0

where Eint represents the internal energy term and Eext denotes the external energy term.

(3)
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The internal energy controls the snake curve’s elasticity and stiffness properties. The internal
energy function Eint can be written as
Eint =

1
dv
d2 v
(α(s)| |2 + β(s)| 2 |2 ),
2
ds
ds

(4)

where α(s) and β(s) are weight parameters. Equation 4 is composed of two terms, a first-order
term designed to hold the curve together and a second-order term designed to keep the curve from
bending. The α weight parameter controls elasticity while the β weight parameter controls stiffness in
the snake curve [14].
The external energy creates a gradient image that attracts the snake curve toward the object
boundaries as shown in Figure 2.

Figure 2. Snake curve initialised on gradient image of object boundaries.

The image gradient based external energy is described as
Eext = −κ |O f (v(s))|2 ,

(5)

where κ is a weighting parameter and O f is the gradient image of object boundaries, f .
For the snake curve to converge on the object boundary, the snake’s energy function, Esnake in
Equation 3, should be minimised. To minimise the energy function, the snake curve must satisfy the
Euler condition as [15]
d
dv
d2
d2 v
(α(s) ) − 2 ( β(s) 2 ) − OEext (v(s)) = 0,
ds
ds
ds
ds

(6)

where vs is a derivative of v with respect to s. To find a solution to Equation 6, the snake is made
dynamic by treating v as a function of time t which leads to
∂
∂v(s, t)
∂2
∂v(s, t)
∂2 v(s, t)
= (α(s)
) − 2 ( β(s)
) − OEext (v(s, t)).
∂t
∂s
∂s
∂s
∂s2

(7)

A solution to Equation 7 is found by discretising it and solving the discrete system iteratively
∂v(s, t)
[16]. When the term
approaches 0, the snake’s energy function reaches its minimum and is
∂t
expected to have converged on the object boundary.
The traditional parametric active contour model has two limitations in object boundary estimation.
First, the initial snake curve must be initiated close to a desirable object boundary or else it won’t
converge to the object boundary [17]. Second, the snake curve fails to detect concave boundaries [16],
as shown in Figure 3.
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Figure 3. Parametric active contour model applied to an object with a concave boundary [16].

Several methods have been developed to overcome these limitations in the parametric active
contour model [18]. In the following sections, we discuss modified versions of the parametric active
contour model which have been developed to overcome these limitations.
2.1.1. Balloon Model
To overcome the snake initialisation limitation, [19] introduced a balloon concept in the parametric
active contour model in which an additional energy is added to the external energy term which pushes
a snake curve towards an object boundary. In the balloon model, the snake curve behaves like a balloon
which is inflated by the additional energy. The balloon energy acts in the normal direction to a point
on the curve which makes the behaviour of the snake curve more dynamic. The modified external
energy term in the parametric active contour model can be described as
Eext = κballoon n(s) − κ |O f (v(s))|2

(8)

where κballoon is the weight parameter for the balloon energy and n(s) is the unit vector normal to
the snake curve at point v(s). If the sign of κballoon is negative, it will have a deflating effect instead of
an inflating effect over the snake curve.
The balloon energy pushes the snake curve towards object boundaries while the image gradient
based energy attracts the snake curve toward the object boundaries, as shown in Figure 4.

Figure 4. Balloon external energy added to the snake curve.

If the image gradient based energy at a point is weaker than the balloon energy, the snake curve
passes beyond it. It stops at a point for which the image gradient based energy is higher than the
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balloon energy. This can have the added benefit of overcoming spurious noise in the data while
detecting the object boundaries [15].
The primary advantage of the balloon model is that it increases the movement range of the snake
curve towards the object boundaries. It overcomes the snake curve initialisation drawback in the
traditional parametric active contour model but it does not provide a solution for the concave boundary
convergence problem. The value of balloon energy is also dependent on the image gradient energy
and noise in the data.
2.1.2. GVF Model
[20] introduced a Gradient Vector Flow (GVF) external energy in the parametric active contour
model in an attempt to detect the concave boundaries. It is based on diffused gradient vectors of the
object boundaries. The GVF energy is described as the energy field V ( x, y) = (u( x, y), v( x, y)), where
u and v are its vector components in the ( x, y) plane of an image. It minimises an energy function
E=

Z Z

µ(u2x + u2y + v2x + v2y ) + |O f |2 |V − O f |2 dxdy.

(9)

Noise in the data can prohibit the GVF energy from being calculated effectively. To control the
impact of this noise, a regularisation parameter, µ, is used to balance the first term, µ(u2x + u2y + v2x + v2y )
and the second term, |O f |2 |V − O f |2 of the Equation 9. An increased noise in the image will require a
higher value for µ. When O f is small or negligible, the energy function is dominated by the first term
which is a sum of the squares of partial derivatives of the vector components. When O f is large, the
second term dominates and minimises the energy function, when V = O f . It results in a smoothly
varying energy being produced over a homogeneous image region while not affecting the gradient
energy along the object boundary.
The GVF energy is obtained by solving the following Euler equations [16]
µO2 u − ( f x2 + f y2 )(u − f x ) = 0,

(10)

µO2 v − ( f x2 + f y2 )(v − f y ) = 0,

(11)

where O2 is a laplacian operator and f x , f y are the gradient components along the X and Y axis of
the image. Equations 10 and 11 are solved by treating u and v as functions of time t such that
ut ( x, y, t) = µO2 u( x, y, t) − ( f x ( x, y)2 + f y ( x, y)2 )(u( x, y, t) − f x ( x, y)),

(12)

vt ( x, y, t) = µO2 v( x, y, t) − ( f x ( x, y)2 + f y ( x, y)2 )(v( x, y, t) − f y ( x, y)).

(13)

Equations 12 and 13 are known as generalised diffusion equations [16]. After estimating the value
of V ( x, y, t), the external energy term, OEext (v(s, t)), in Equation 7 is replaced giving us
∂v(s, t)
∂
∂v(s, t)
∂2
∂2 v(s, t)
= (α(s)
) − 2 ( β(s)
) + V.
∂t
∂s
∂s
∂s
∂s2

(14)

The GVF energy attracts the snake curve toward the object boundaries, as shown in Figure 5.
The diffused energy allows the snake curve to detect the concave boundaries [16], shown in
Figure 6.
It also helps increase the movement range of the snake curve, however its ability to overcome the
snake initialisation problem is limited [21].
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Figure 5. Snake curve initialised on GVF image of object boundaries.

Figure 6. GVF based parametric active contour model applied to an object with a concave boundary
[16].

2.1.3. Integrated Model
We developed an integrated model in which the balloon and GVF based parametric active contour
models are combined. In the integrated model, the balloon energy pushes the snake curve and the
GVF energy attracts the snake curve toward the object boundaries, as shown in Figure 7.
This is useful in the case where there is a relatively large distance between the initial snake and
the object boundaries. The use of balloon energy increases the movement range of the snake curve
while the GVF energy allows the snake curve to detect the object boundaries more efficiently. In this
way, the integrated model can be applied to overcome both the limitations in the traditional parametric
active contour model.
2.2. Geometric Active Contour Model
The geometric active contour model is based on a level-set and curve-evolution theory [22,23].
The primary advantage of the geometric active model is that it does not require any parameters for its
implementation. A geometric curve is represented implicitly as a level-set and is evolved based on
geometric computations, with its speed locally dependent on the image data [15]. The level-set refers
to a set of point variables for which their function is equal to some constant value. For example, the
level-set of the variables ( x, y, z) can be the sphere x2 + y2 + z2 = r2 , with centre (0,0,0) and radius r
[24].
In the geometric model, the curve is represented with a zero level-set ψ( x, y, t), shown in Figure 8.
The geometric curve evolves in time t on an image with a speed function,
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Figure 7. Balloon energy pushes the snake curve and GVF energy attracts the snake curve toward the
object boundaries.

Figure 8. Geometric active contour model.

∂ψ
= c(k + V0 )|Oψ|,
∂t

(15)

where c is given by
c=

1
1 + |O( Gσ ∗ I )|

(16)

and is the potential energy derived from the input image, I. This parameter serves as the stopping
term for the curve at the object boundary. The term O( Gσ ∗ I ) is the gradient of the Gaussian blurred
image with standard deviation of the Gaussian distribution, σ. k is curvature of the curve, which
makes it smoother, V0 is a constant which has the effect of controlling the shrinking or expansion of
the curve and Oψ is a gradient of the level-set, ψ. The term c(k + V0 ) determines the speed with which
the curve evolves along its normal direction.
The geometric curve does not stop at weak or indistinct boundary points due to its evolution
speed but continues its movement with little or no energy drawing it back [13]. To overcome this
problem, an extra term can be added to Equation 15 as follows
∂ψ
= c(k + V0 )|Oψ| + OcOψ.
∂t

(17)
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This additional stopping term OcOψ is used to pull back the curve in case it overpasses a weak
object boundary.
The advantage of using the geometric active contour model is its ability to change a curve’s
topology in accordance with the shape of the object during the curve evolution process. This can
be useful in object tracking and motion detection applications. The geometric active contour model
is generally not useful for noisy data where the evolved curve can be accompanied by topological
inconsistencies [15]. The implementation of the geometric active contour model is based on geometric
computations which results in it being a computationally expensive process [18]. In the next section,
various approaches based on active contour models have been reviewed for extracting features from
digital imaging and LiDAR datasets.
3. Related Work
The concept of active contours have been extensively studied to develop several improved models
which include Generalized Gradient Vector Flow (GGVF) Snake [25], region-based active contours [26],
Curvature Vector Flow (CVF) Snake [27], Geodesic GVF / GGVF Snake [28] and Magnetostatic Active
Contour (MAC) Model [29]. The active contours have been widely used to develop methodologies for
extracting buildings, coastlines and other features from high resolution digital images. [30] extended
the concept of traditional snake to twin snakes for extracting linear features with two boundaries
from high resolution digital imagery. An additional energy term was introduced in the snake’s energy
function which formulated the attraction force in between the twin snake curves for detecting two
parallel linear boundaries. [31] used a wavelet based parametric active contour model for detecting
coastlines from satellite imagery. The wavelet transform was used to determine high gradient values
in the images filtered at multiple scales. An active contour model was applied over the image at the
coarsest scale. The final snake curve obtained at the coarsest scale was used to initiate the snake curve at
next coarsest scale and this process was repeated until the original scale of the image was reached. [32]
presented an improved snake model for detecting buildings from high resolution aerial images. Their
model was focussed on utilizing the radiometric and geometrical properties of buildings for modifying
the selection criteria of initial seeds and the external energy function. [33] developed a radial casting
approach to initialise the snake curve for extracting building features from high resolution Quickbird
imagery. In their method, a single seed point was placed at the approximate centre of each building
object. The snake points were then generated in accordance with the radial lines projected outwards
at various angular intervals from the centre seed point. [34] presented a new method for building
boundary extraction from high resolution aerial images. Their method was based on region-based
geometric active contour model in which building boundaries were detected by introducing certain
training points in their vicinity. Finally, the detected building boundaries were generalized to obtain
their regular shape. [35] developed an approach based on localized region-based geometric active
contours for multitemporal monitoring of urban trees in a series of high resolution aerial images. In
their approach, contours were initialized based on image fitting procedure and tree crown regions
were identified using a localized data energy term. In the multitemporal analysis, a priori information
was incorporated by initialising the contour in each image based on previously optimized contours.
Other active contour based approaches have been focused on extracting roads from digital images.
[36] developed an approach for extracting urban roads from aerial digital imagery using an adaptive
snake. In their method, an initial approximation was provided to the snake curve by detecting the
preliminary road lines based on the dominant road directions. These dominant directions were
estimated using the fact that road and buildings edges in an urban area are usually parallel. After
initialisation, an adaptive snake algorithm was applied in which the weight coefficients provided to
the snake energy terms were locally modified. [37] used a parametric active contour model for tracking
a road and reconstructing the 3D road shape from road scenes recorded using monocular cameras.
They assumed that the left and right road edges would be parallel. This was applied as a constraint in
the parametric active contour model to converge the control points to the left and right boundaries of
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the road. [38] developed a framework for semi-automatic highway extraction from high resolution
aerial orthophotographs using geometric active contour model. In their approach, the boundary
and region-based information of highway features was incorporated as constraint in the model for
extraction procedure. [39] used a self-adaptive template matching method to provide the initialisation
to the Least Square B-spline (LSB) snake model for extracting road objects from high resolution satellite
imagery. In the template matching method, various templates of road width and luminance attribute
were matched with manually selected points in the image. The result with maximum matching was
used to initialise the snake for extracting road features.
Apart from digital images, few methods based on active contour models have also been developed
for extracting features from LiDAR data. [40] proposed an approach for surface reconstruction from
LiDAR data. In their algorithm, a surface was grown from an initial seed point in the LiDAR data
based on the extended snake model. The internal energy was provided by placing a constraint on
the angle in between the normal vectors of two adjacent planar patches in order to maintain the
smoothness of a reconstructed surface. The external energy was modelled as a function of distance
from the LiDAR points to the corresponding planar patch. [41] applied a snake model to extract the
road network for integrating and matching, 2D Digital Landscape Model (DLM) derived from 2D
vector data and Digital Terrrain Model (DTM) generated from airborne LiDAR data. In their approach,
the snake curve was initialised near the road feature using existing vector data, stored as a polyline,
while the external energy terms were derived from intensity, elevation and surface roughness based
images generated from the LiDAR data. The energy of the snake contour was minimised which led
to its convergence to the road network. The extracted road network information was then used to
integrate the two datasets. Later, they extended their work to include building and bridge information
in order to support the road extraction process using the snake model [42]. [18] proposed an improved
snake model for extracting buildings from aerial images and LiDAR data. The initial estimation of
building edges was carried out by applying a threshold to the Normalised Digital Surface Model
(NDSM). The snake model was implemented by deriving the external energy terms based on intensity
and altitude variances of the snake curve points with their neighbourhood points. [43] described a
method for extracting roads from a large scale 3D point cloud data merged from aerial and terrestrial
laser scanning of an urban environment. An initial approximation of the road network in the point
cloud data was made using 2D map and then the road network was divided into independent patches
to make the process computationally efficient. In each patch, an active contour model was applied by
estimating the elevation based attractor function as an external energy of the snake curve to find the
kerbs in the urban road sections. [44] presented an approach for roof modeling from airborne laser
scanning data based on level set function. In their approach, the energy function of multiphase level
set was used to segment roof plans into multiple homogeneous regions with similar normal vectors.
Finally, the roof segments and their topological relations were used to reconstruct 3D roof model.
Active contour models present a useful approach for segmenting objects. One of the limiting
factor associated with them is a requirement for manual intervention or a priori information for their
initialisation. The development of an automated initialisation method can provide for an efficient use
of active contours for the segmentation process. There is a need to develop a more robust approach
for determining energy values from the input data. Several methods based on active contour models
have been developed to extract various features from 2D digital images. However, their utility for
segmenting 3D LiDAR point cloud has been limitedly explored. The development of robust approach
based on active contours, will provide an efficient segmentation of LiDAR point cloud. LiDAR data
provides elevation, intensity and pulse width information which can be used for deriving energy terms
of the active contour. In the following section, a single case study is presented in which integrated
active contour model is applied to extract road edges from MLS data.
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4. Case Study
We conducted this experimental study to demonstrate the ability of active contour models in
extracting road features from MLS dataset. We developed an automated approach in which integrated
version of parametric active contour models is applied to extract left and right edges from MLS data
[4]. The implementation of parametric active contour model is less computationally expensive in
comparison with the geometric active contour model and it gives structured control on elasticity and
stiffness properties of the snake.
In our developed approach, the input data sections are selected with some overlap between them
which allows to batch process consecutive and overlapped road sections [45]. We use elevation and
intensity attributes of the LiDAR data. These point cloud attributes are converted into 2.5D raster
surfaces using point thinning and natural neighbourhood interpolation method [46]. The cell size c
parameter, required to generate the raster surfaces is selected empirically based on an experimental
analysis [45]. A slope raster surface is generated from the elevation surface. The GVF external energy
terms are computed as diffused energy field of the gradient vectors of the object boundaries from
the raster surfaces. To compute the GVF energy, the object boundaries are determined from the slope
and intensity raster surfaces respectively through the consecutive use of hierarchical thresholding
and Canny edge detection [15]. The GVF external energy terms are estimated by iteratively diffusing
gradient vector values of the object boundaries. The weight of the slope and intensity based GVF
energy terms are set with the κslope and κint parameters respectively. The balloon energy is included in
the external energy by providing a weight to the normal unit vector of the snake curve points with
the κballoon parameter. The values of the weight parameters for the GVF and balloon energy terms are
estimated empirically based on experimental analysis and then same values were applied for each
road section [47]. Internal energy is provided to the snake curve by adjusting its elasticity and stiffness
properties with α and β weight parameters while the step size of the snake curve is controlled with a γ
weight parameter. The topology of the left and right edges in the road sections do not vary much, thus,
same internal energy weight parameters can be used for each road section. Their values are estimated
empirically based on experimental analysis [47].
The snake curve is automatically initialised over a 2.5D raster surface using the navigation track
of the mobile van along the road section. The snake curve moves under the influence of the internal
and external energy terms. It approaches the minimum energy state during an iterative process and
converges to the road edges. An example of initial and final position of the snake curve is shown in
Figure 9.

Figure 9. An (a) initial and (b) final position of the snake curve.

By batch processing consecutive and individual road sections, overlapping snake curves are
obtained. The intersection points in between the overlapping snake curve points are found. The non
road edge points in between the intersection points of the overlapping snake curves are removed to
find one continuous snake for the complete road section. Finally, the third dimension is assigned to the
extracted left and right road edge points by providing the elevation from the LiDAR points nearest to
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them. For more information about the developed road edge extraction approach, readers can refer to
[4].
We tested our automated road edge extraction approach on 50m section of road which consisted
of a grass-soil edge along its left side and a kerb edge along its right side. This road section was selected
to validate the robustness of our approach in extracting distinct sets of edges. The processed dataset for
the road section was acquired using StreetMapper MLS system in County Nottinghamshire, UK [48].
To process the road section, we used 6 sets of 30m×10m×5m section of LiDAR data and 6 sets of 10m
section of navigation data. The road edge extraction approach was applied to the road section with
an empirically selected parameters as c = 0.06m2 , κslope = 4, κslope = 2, κballoon = 1, α = 9, β = 0.001
and γ = 3. The left and right edges in the selected road section were also manually digitised in order
to make comparison with the edges extracted through the automated approach. The automatically
extracted 3D edges are represented in red while the manually digitised 3D edges are represented in
blue in the road section as shown in Figure 10.

Figure 10. The automatically extracted 3D edges are represented in red and the manually digitised 3D
edges are represented in blue in the 50m road section. The inset picture of right edge show some of the
points in detail.

In the next section, we validate the road edge extraction results and discuss them.
5. Results & Discussion
We validated the automatically extracted 3D edges in the road section by estimating their
orthogonal proximity from the manually digitised 3D edges. These orthogonal values were estimated
based on the navigation points selected at some interval along the road section [47]. The positive or
negative values indicate the inside or outside position of the extracted road edge points with respect to
the digitised road edge points. Box plots for the accuracy values of these extracted left and right edges
in the road section are shown in Figure 11.
We also carried out statistical analyses of these accuracy values for the extracted edges as shown
in Table 1.
Our automated approach based on integrated parametric active contour model was able to
successfully extract the left and right edges in the tested road section. The road edge extraction result
displayed high accuracy values which can also be attributed to the use of uniform and dense point
cloud data along the road section. This highly dense data was acquired using a single laser scanner
with a double pass approach in which the vehicle was driven back and forth on the road section.
The use of such data led to the generation of smooth raster surfaces which enabled the snake curve
to precisely converge to the road edges. The minimum-maximum and lower-upper adjacent range
values were lower for the right edge however, the percentages of accuracy within ±0.01m and ±0.1m
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Figure 11. Box plot for the accuracy values of the automatically extracted left and right edges in the
road section.
Table 1. Statistical analysis of the accuracy values of the automatically extracted left and right edges in
the road section.

minimum (m)
maximum (m)
lower adjacent (m)
upper adjacent (m)
25th percentile (m)
75th percentile (m)
mean (m)
median (m)
outliers (%)
inside ±0.01 (%)
inside ±0.1 (%)
inside ±0.2 (%)
horizontal RMSE (m)
vertical RMSE (m)

Left Edge
-0.055
0.078
-0.055
0.061
-0.016
0.019
0.001
0.001
1.64
26.26
100
100
0.02
0.02

Right Edge
-0.145
-0.046
-0.145
-0.046
-0.099
-0.068
-0.088
-0.086
0
0
75.41
100
0.09
0.02

tolerances were higher for the left edge. The left edge accuracy values were found to be fully inside
±0.1m while the right edge accuracy values were fully inside ±0.2m.
[49] reported an average horizontal and vertical root mean square error (RMSE) values of 0.08
and 0.02m respectively, for the kerb edges extracted from MLS data. In comparison, our approach
extracted the kerb edges along right side of the road section with horizontal and vertical RMSE values
of 0.09 and 0.02m respectively. This accuracy level can be further improved with the use of a reflectance
attribute which is a representation of the normalised intensity values. The availability of a pulse width
attribute in the acquired dataset will also provide us to use their values to generate an additional GVF
energy. This will improve the road edge extraction accuracy as pulse width values can be used to
distinguish the road surface from its edges more efficiently.
6. Conclusion
The active contour models present a useful segmentation approach for extracting road features
from LiDAR point cloud. They can be categorised as parametric and geometric active contour models
based on their representation and implementation. The active contours have been extensively used
to extract various features from high resolution digital images however they have been limitedly
explored for extracting road features from LiDAR point cloud. We presented a case study in which an
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integrated version of parametric active contour models was applied to automatically extract left and
right edges from MLS dataset. In the integrated version, the active contour models are combined so as
to overcome the limitations existing in them. The developed road edge extraction approach is based
on the assumption that the LiDAR elevation and intensity attributes can be used to distinguish the
road surface from the grass-soil and the kerb edges. The successful extraction of road edges validates
the potential of active contour models in extracting features from MLS data. We intend to investigate
the applicability of geometric active contour model in extracting features from LiDAR data. This could
be advantageous as it will remove the requirement for weighting various input parameters.
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