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Abstract: Accurate road environment information is needed in applications such as road
maintenance and virtual 3D city modelling. Vehicle-based laser scanning (VLS) can
produce dense point clouds from large areas efficiently from which the road and its
environment can be modelled in detail. Pole-like objects such as traffic signs, lamp posts
and tree trunks are an important part of road environments. An automatic method was
developed for the extraction of pole-like objects from VLS data. The method was able to
find 77.7% of the poles which were found by a manual investigation of the data.
Correctness of the detection was 81.0%.
Keywords: mobile mapping; vehicle-based laser scanning; feature extraction; utility pole;
traffic sign; tree trunk

1. Introduction
Detailed road environment information is needed for an increasing number of different applications,
such as noise modelling, road safety, road maintenance, location-based services, driver assistance
systems and car and pedestrian navigation. Pole-like objects are common in road environments. These
include different kinds of utility poles, such as traffic lights, signals and signs, lamp posts, pylons and
flagpoles. Additionally, many trees have a pole-like trunk. Inventory of different kinds of utility poles
in a street or a highway can be used, for example, in street planning and maintenance. Trees are also
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important because of the visual obstruction they incur. In personal navigation applications different
poles are important because they are often visible to the observer and stand out from the environment.
That is why it is important to include them in the virtual 3D city models. Poles can also be used as
reference targets in different applications. The accuracy of (semi-)automatic georeferencing of data
produced by a mobile mapping system could be improved with pole-like reference targets. Also, the
positioning of a car in future driver assistance systems could be based on mapped poles in road
environments [1]. Previous studies concentrating on extracting pole-like objects from road
environments include [1-6]. In [1-3] the detection was based on data collected by a mobile laser
scanner, while in [4] laser and image data was fused to detect road signs. In [5] a method for the
detection of vertical traffic infrastructure using video sequences was introduced. In [6] neural networks
were used to detect utility poles from image sequences.
1.1. Overview of Mapping Technologies
The modelling technology for collecting 3D road environment information can be divided into use
of airborne, terrestrial and land-based mobile mapping (hereinafter mobile mapping) techniques. In
this paper laser-based mapping systems are reviewed since they allow a more automatic data
processing than image-based techniques. Airborne laser scanning (ALS) has been used increasingly for
city modelling, digital terrain model generation and forest inventory [7-11]. In ALS large areas can be
covered cost-effectively at a time. The distance of the airborne scanner to the targets in the ground is
usually between several hundred metres and few kilometres. The acquired point density (1–20 pts/m2)
is high enough, for example, for rough extraction of building roof structures and outlines. However, it
is not high enough for more detailed modelling: building façades are difficult to model due to viewing
direction and details in the buildings, such as balconies and windows, are missed. Point density in ALS
is not good enough for a more detailed road surface modelling. For example, wearing of the road
surface and holes cannot be detected and modelled. Due to viewing angle and point density, detection
of pole-like objects is difficult. Ahokas et al. [12] found that with 400 m flight altitude (resulting in
about 10 pts/m2) I-, Γ- and T-shaped street lamps can be detected quite well (detection rates 63%, 91%
and 100%) with a Toposys scanner having 1-mrad-wide beam. However, from 800 metre altitude
detection rates of I- and Γ-shaped lamps were clearly lower (7% and 52%).
Static terrestrial laser scanning (TLS) can produce dense point clouds (up to few hundred thousands
of pts/m2 from a range of 10 m) from which environments can be modelled accurately. For example,
buildings [13-15] and trees [16,17] can be modelled in high detail. However, a relatively small area
can be mapped with high accuracy. Since several scans are needed to cover larger areas and to prevent
occlusion, the TLS based modelling is work intensive. Transportation and positioning of the
equipment, design of different scanner positions to minimise occlusions and matching overlapping
scans need a lot of manual work.
Vehicle-based laser scanning (VLS) can be considered to fill the gap between ALS and TLS. Here
VLS is defined as a laser scanning system that is mounted on a vehicle that can be, for example, a car
or a boat and in which measurements are made while the platform is moving. So-called stop-and-go
systems are not included because they are inherently similar to TLS. VLS can produce relatively dense
point clouds (up to several hundreds of pts/m2 at 10 m range) fast and efficiently from large areas. VLS
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is a special case of a more general land-based mobile mapping system (MMS), a multi-sensor system
that incorporates different kinds of positioning, navigation and data collection sensors. They are all
mounted on a rigid platform that can be, e.g., a car or a van. Typically, the positioning and navigation
system consists of a GPS (Global Positioning System) receiver and an inertial measurement unit
(IMU). The data acquisition sensors can be, e.g., laser scanners, digital cameras or video cameras and
the type of sensors used depends on the type of data needed [18]. Use of laser scanners in MMS offers
a possibility to collect direct geometric 3D information from the road environment. Dense point clouds
can be achieved which makes it possible to construct a detailed 3D model of the road environment.
Road and ground surface, building façades, trees, road geometry, kerbstones, road markings and cracks
in the road surface can be retrieved and modelled [19-23].
Mobile mapping technology has developed since the end of 1980s [24]. Most applied imaging
sensors in MMS have been video and digital cameras. In the beginning of the 21st century laser
scanners also started to be incorporated into the systems. They have been mainly used with cameras
but also systems based purely on laser have been developed. Reviews of mobile mapping technology
and different systems can be found in [18,25,26]. A review of laser-based mobile mapping systems can
be found in [24]. Currently there are two prominent commercial laser-based mobile mapping systems
in the market. Optech’s Lynx Mobile Mapper V200’s platform is adaptable to any vehicle with
standard roof racks. It consists of 1–2 scanners with a maximum 200 kHz point repetition frequency
(PRF) and maximum range of 200 metres. 3D laser mapping company’s latest model, StreetMapper
360, uses Riegl’s VQ-250 scanners with a PRF of 300 kHz and maximum range of 300 m.
1.2. Overview of Methods Related to Extraction of Pole-Like Objects
Various methods have been developed for the processing of 3D point clouds collected, e.g., with
ALS or TLS. Some of them are readily applicable for VLS data but because of differences in point
density and spacing, scanning geometry and point measurement accuracy, new methods have to be
developed specifically for VLS. View angle from the measuring device to the targets in ALS is very
different in VLS compared to ALS. In VLS, measurements are made from a moving platform and
limited accuracy of GPS and IMU produce errors which cause that the 3D point measurements are less
accurate than with TLS in which the measurements are made on a (static) tripod. At the moment, there
does not exist a reported study of the statistical accuracy of any of the pole detection methods
developed for VLS data.
Most of the poles and tree trunks have a circular cross-section and thus a cylindrical or conical
shape. Therefore, they could be detected by automatic cylinder detection methods which have been
developed in large numbers for range data (see, e.g., [27-35]). Methods utilise, e.g., Hough
transform [30], Ransac [31-33] and least squares fitting [28,29]. Automatic detection of tree trunks
from laser data has also been studied intensively in recent years (see e.g., [36-43]). Many of the
methods utilise the fact that the horizontal cross-section of the trunk is close to circular and they try to
detect circle arcs from horizontal slices of point clouds [36-39]. It is also possible to analyse the local
point distribution around each point. This way data points can be classified into different classes such
as scattered (grass and tree canopy), linear (thin objects like small tree trunks) and surface (ground) [44].

Remote Sens. 2010, 2

644

This approach has also been used in the tree trunk detection [43]. It is also possible to utilise contextual
information by using Conditional Random Field models [45].
In VLS, pole detection has been studied in [1-3]. In [3] mobile mapping data consisted of vertical
scan lines and vertical poles were detected by extracting vertical line segments from individual scan
lines. Detection was limited to poles that were in front of buildings and on the ground. In [2] a method
for the extraction of traffic signs and signals was introduced. Points were clustered to different objects
and clusters were projected to a vertical plane. Finally, poles were detected based on their elongated
form in the projection using the eigenvalue decomposition of the covariance matrix. In the method, a
pole does not have to be vertically aligned. However, if a pole is part of some bigger object which is
not pole-like (a tree, a traffic sign with a large board) it is not extracted but considered as being part of
the object. The method is fully automatic only if there are kerbstones on both sides of the road which
are used for the estimation of the road surface. In [1] an extraction method for vertical poles was
introduced. In the method, a pole is expected to have an almost empty region around it. The structure is
analysed in cylindrical stacks and if enough stacked cylinders are found a pole is extracted.
In this study, a method for the automatic extraction of vertical pole-like structures from VLS data is
developed. The method applies the ideas presented in [31,35] in which individual scan lines, true or
artificial, are segmented and possible sweeps of cylinders are extracted from the segments. In [31]
geometric models (circles or ellipses) are fitted to the point segments to classify sweeps. After that the
circles or ellipses are clustered to form cylinders. In [35] overlapping point segments are searched for
from adjacent horizontal scan lines to find vertical elongated objects. Circle models are fitted to the
point segments to find cylinders and to estimate their axes and radii. Our method is similar to [35]
except that no geometric models are fitted in any phase of the extraction process. The length of the
point segment is used to separate possible sweeps from other segments and clustering is done by
searching segments that are approximately on top of each other in adjacent scan lines. The found
clusters are merged if needed by using a new method that utilises the linear structure of the poles.
Because no geometric model is applied, the found clusters are not final features but intermediate
candidates for poles. The method detects vertical linear structures from the clusters using similar ideas
as in [43,44]. However, instead of classifying individual points in unstructured point clouds, our
method utilises the scan line structure of the laser data. The method is somewhat similar to [1] in
which the structure is analysed in cylindrical stacks.
The originality of the new method compared to previous pole detection methods in VLS is its
generality. Firstly, no prior assumptions about the positions of the poles are made—the only things
limiting the positions are the maximum measurement range of the laser scanner and point density
which decreases as the distance to the road increases. Secondly, poles attached to other objects, like in
traffic signs (sometimes many poles in one sign) and trees are all detected as separate objects. This is
important, e.g., in detailed modelling of the objects. The number of extracted poles (features) will also
be higher which is important for positioning of a vehicle in future driver assistance systems [1].
1.3. Objectives of the Study
The objective of this study is to develop automatic methods for the detection of vertical pole-like
structures in road environments using vehicle-based laser scanning. A major contribution of this study
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is to test experimentally and analyse statistically a pole detection method for VLS
The quality of the VLS data from the point of view of pole detection is also
Reference data collected from the test field is used to evaluate the performance
method. The high level of automation is important because of the huge amounts
by VLS.

for the first time.
analysed shortly.
of the developed
of data produced

Table 1. Main properties of the SPAN’s IMU (HG1700 AG11).
Property
Gyro input range
Gyro rate bias
Gyro rate scale factor
Angular random walk
Accelerometer range
Accelerometer linearity
Accelerometer scale factor
Accelerometer Bias

Value
±1,000 deg/s
1.0 deg/h
150 ppm
0.125 deg/hr
±50 g
500 ppm
300 ppm
1.0 mg

2. Material
2.1. FGI Roamer
The Finnish Geodetic Institute (FGI) has been developing a mobile mapping system called FGI
Roamer (Road Environment Mapper) since 2003. The main goal in the research has been to develop a
system that collects data for the development of fast automatic extraction algorithms of the road
environment. Roamer consists of a rigid platform on which a navigation system and a laser scanner are
mounted (Figure 1a). The platform can be mounted on a vehicle using roof racks. The navigation
system is NovAtel’s SPAN (Synchronized Position Attitude & Navigation, Table 1). It integrates GPS
and inertial data and can be used in applications which require better functionality and reliability than
traditional stand-alone GPS. In this study, the Faro LS 880HE80 laser scanner was used for the range
measurements (Table 2). The scanner contains a rotating mirror that deflects the laser beam and gives a
320 degree field of view (FOV) in the scanning plane. Faro LS is based on phase difference technique.
The PRF of the scanner is 120 kHz and maximum measurement distance approximately 50 m in
practise. Recently, the scanner has been updated to the FARO PhotonTM 120 which has maximum PRF
of 976 kHz and maximum measurement distance of 150 m.
Table 2. Basic properties of the FARO LS 880HE80 laser scanner.
Property
Maximum range
Measurement rate
Angular range in scanning plane
Beam divergence
Angular resolution (15 Hz mirror frequency)
Ranging error

Value
~76 m
120 kHz
320°
0.2 mrad, 3 mm at aperture
0.045°
±3 mm, linearity e.
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Faro LS can be set to so-called tunnel mode in which it does 2D scans or profile measurements. The
third dimension comes from the motion of the vehicle. Data consists of profiles or scan lines that are
formed when the scanner’s mirror rotates one round. In its normal position, the scanning plane is
vertical and perpendicular to the driving direction. The scanner can also have different tilted positions
in which the scanning plane is tilted backwards with respect to vehicle motion. By using a big enough
tilting angle it is possible to measure the road surface. Due to the wide FOV in the scanning plane,
road surroundings can be measured at the same time (Figures 1b and 2a).
Figure 1. (a) FGI Roamer. (b) FOV of the system from upward direction. (c) Scanning
geometry and a pole from side perspective (all figures taken or modified from [46]). In all
figures the scanning plane is tilted backwards.

Figure 2. (a) Example of MMS data collected with FGI Roamer. (b) Part of a pole from
the same data set with a traffic sign board attached to it. The road and its surroundings are
mapped simultaneously and several sweeps are achieved from the pole when the scanning
plane is tilted backwards.

With a tilted position narrow vertical objects like poles and tree trunks can have multiple sweeps
from adjacent profiles (Figures 1c and 2b). The distance between profiles depends on driving speed
and mirror frequency. Profile repetition frequency, i.e., the mirror frequency can be set between 3
and 61 Hz. Due to the high point repetition frequency the system has high angular resolution in the
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scanning plane. In the data set used in this study mirror frequency was 15 Hz which gives a point
spacing of about 2.5 cm at 30 metres distance. For a more detailed description of the Roamer system,
the reader is referred to [46,47].
2.2. Test Site and Collection, Pre-Processing and Quality of Data
The developed pole detection method was tested in a suburban area. Data was collected by the
Roamer system and the test site consisted of about 450 metres long nearly straight stretch of road with
no hills. The test site was located in the Espoonlahti district of Espoo. There were numerous traffic
signs, lamp posts and trees with a pole-like trunk in the test site making it suitable for testing of the
automatic pole detection method. Driving speed varied between 0 and 33 km/h and it was
approximately 20 km/h on average. The tilting angle of the scanner was 135 degrees. Data was
collected by driving across the same area in two opposite directions but in this study data from only
one driving direction was used. The data set consisted of 1,000 profiles each containing
about 7,000 points and thus the size of the whole data set was approximately 7 million points.
Based on navigation data and different transformations, the measured points were georeferenced
into the WGS84 coordinate system. After that the data was transformed again using the principal
component analysis (PCA) which is also known as the Karhunen-Loève decomposition (see e.g., [48]).
PCA was applied to the whole data set. The direction of largest variance, i.e., first principal component
(PC) was approximately parallel to the road and driving direction and was chosen as the y-axis. The
second PC represented approximately the other horizontal direction which was perpendicular to the
road direction. It was chosen as the x-axis and thus the xy-plane represented the horizontal road and
ground surface approximately. The z-axis was the last eigenvector. It was approximately perpendicular
to the road surface and thus represented the vertical direction. All vertical poles would be nearly
parallel to the z-axis after the applied coordinate transformation. PCA was possible to apply in this
case because the test site did not include corners and the terrain was flat. In more general case
including hills and corners, a map projection can be applied in which the poles will also be parallel
to z-direction.
In addition to distance measurements and corresponding angle values, Faro LS also provides
information on the relative positions of the measured points. Each profile has its own unique index and
each measurement can be connected to a certain profile. When the car moves straight ahead, profiles
with adjacent indices are adjacent also in the 3D space (Figure 1c). The points’ relative positions on
the profile are also known. With 135 degrees tilting angle profile spacing is the same in driving and
vertical directions. With the maximum driving speed of 33 km/h it was approximately 61 cm. Average
spacing over all profiles was 37 cm.
Absolute accuracy of the MMS data is determined mainly by the accuracy of the navigation system.
The main causes for errors are the GPS outages; for example, buildings, bridges, tunnels, and high
vegetation may prevent a good connection to satellites. Although inertial data compensates this error,
its accuracy decreases quickly as a function of time. Thus, longer outages can cause bigger errors.
While the accuracy of navigation data is poor, the relative accuracy between adjacent data points
remains static and is in the order of centimetres. Because poles are not accurately vertical in reality, the
sweeps of poles are not accurately on top of each other. Most of the poles have a circular cross-section
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and this fact could be utilised in the automatic detection methods. However, only about 60% of the
poles had sweeps that were circular or curved in the data set. The reason for this is the noise in the
range measurements and lower point density when the distance to the scanner is longer. Also small
part of the poles did not have circular cross-section in reality.
2.3. Field and Data Reference
Reference data was collected manually in the field. Positions of different kinds of poles and
pole-like tree trunks were plotted on a city map. In total 173 targets were recorded in the test field,
which included 94 poles and 79 tree trunks. Poles included 43 lamp posts, 37 traffic signs and 14 other
poles. Trees that did not have one clear trunk but several branches were not included in the reference.
In addition, poles’ and trunks’ lengths and thicknesses (diameters at breast height) were measured
approximately. For the tree trunks, the length was measured from the ground to the end of the pole-like
trunk and for the traffic signs from the ground to the bottom of the highest board in the sign. The
length was measured with an accuracy of 0.5 m. All reference targets were limited to those that were
closer than 30 metres from the scanner route and to those that were longer than one metre.
All poles found in the field were searched for in the collected data set. If a pole was also identified
from the range data, it was accepted to a second reference data set called data reference. From now on,
the original reference collected in the field is referred to as field reference. Totally 148 of the 173
field-mapped reference poles were found in the data by the visual inspection. The original field
reference and the following data reference based on manual investigation can be used to evaluate the
quality of MMS data in pole detection. The data reference can be used to evaluate the performance of
the automatic pole detection algorithm and this is the emphasis in this paper. In addition, the field
reference is analysed shortly.
3. Developed Method
As already mentioned in Section 2.2, slightly more than half of the poles’ and tree trunks’ sweeps
were curved or circular in the data. Consequently, cylinder and trunk detection methods that expect
this property would detect only about 60% of the poles in the best case. Data density in VLS is
significantly lower compared to TLS (e.g., with the ratio of 1:1,000). In addition, the density of data in
this study was much higher along scan lines than in driving direction which resulted in gaps between
profiles. Therefore, methods developed for TLS cylinder detection would not be applicable without
modifications in this study. For example, many of the TLS methods need quite accurate surface
normals for each point. The gaps between profiles make it more difficult or even impossible to
calculate surface normals or at least their accuracy would probably not be sufficient. In addition,
horizontal slicing of data and calculation of local point distribution are more difficult, especially when
the driving speed and thus the data density varies in the data set. The difficulty of applying TLS
methods for VLS has also been pointed out by Brenner [1].
A different type of method was developed in this study that exploits the structure of the point cloud,
referring to the use of the profile information of the scanner. It is expected that at least three sweeps
will be gained from the pole. If a sweep of a pole is found in some profile then one knows that there
has to be another sweep either below the current sweep in the next profile or above in the previous
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profile or both of them. The algorithm is divided into four phases (Figure 3). First, possible sweeps are
extracted from the data. This is done by segmenting each profile separately into point groups that
consist of points that are close to each other. Then long groups are removed leaving short point
segments that are possible sweeps of poles. In the second phase point groups are clustered resulting in
a set of candidate pole clusters. After clustering some poles might be divided into many clusters and
they have to be merged. This is done in the third phase of the algorithm. In the last phase, candidate
clusters are classified as poles or non-poles. Features used in the classification include shape, length,
orientation and point density in the local neighbourhood of the cluster. The values of the parameters of
the method used in this study are described at the end of each section.
In addition to points describing real object surfaces, laser scanners, especially phase-based laser
systems, produce outliers, i.e., points lying in the air. These are typically removed in the
pre-processing of the data [46]. However, no outlier removal was necessary before the pole detection
algorithm. First, single points or small point groups lying in the air are removed quite effectively after
scan line segmentation and, secondly, there is only a small probability that outlier measurements
would form pole like structures.
Figure 3. Phases of the pole detection algorithm.
Scan Line
Segmentation

Clustering

Merging of
Clusters

Classification
of Clusters

3.1. Scan Line Segmentation
In the first phase of the algorithm each scan line is segmented separately. Scan line segmentation is
considered, e.g., in [40,49-52]. The method developed in this study includes a modification to
previously published methods. The original distance measurements were not available and thus
segmentation was done on 3D points. One sweep of a pole consists of few adjacent points on a scan
line which have a rather short distance between each other. If a pole is isolated from buildings and
vegetation (which is quite a typical situation) one sweep forms an isolated point group on a profile
(Figure 4). In other words, there are so-called jump edges on both sides of a sweep on a scan line and
the sweep can be segmented by a simple edge detection method.
The edge detection used in this study is based on the distance between adjacent points on the
profile. Let vi,i+1 denote this distance, i.e., vi,i+1 is the distance between points with indices i and i + 1 on
the profile. Segmentation is started by initialising an empty group, taking the first point on the profile,
i.e., by setting i ← 1, and adding it to the group. Then the distance to the second point on the profile
(vi,i+1 is calculated. If it is shorter than a maximum allowed distance, point i + 1 is added to the same
group with point i. Otherwise a new empty group is initialised and point i + 1 is added to that. Then the
same is repeated for all i = 1,…,I − 1 sequentially, where I is the number of points on the profile.
Distance vi,i+1 is the Euclidean distance in three dimensional Cartesian coordinate system.
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Figure 4. A horizontal projection of a profile with a sweep of a pole circled. The sweep
can be isolated from other points by simple scan line segmentation.

The segmentation is repeated for all scan lines and for each segmented point group the information
on the profile’s index, points’ indices on the profile and points’ maximum and minimum x- and
y-values (𝑥min , 𝑥max , 𝑦min , 𝑦max ) are recorded. When using a tilted position of the scanner, sweeps of a
pole are rather short point groups. The length of the sweep depends on the tilting angle and the width
of the pole. Thus after segmentation point groups, which are longer than a maximum allowed length,
are removed. The length of a group is the Euclidean distance between the first and last point of the
group along the scan line. Point groups that have less than some minimum allowed number of points
are also removed. This way single outlier points can be removed. This also lowers the probability of
having false positives in the pole detection, i.e., detecting a pole when a pole is not present. In
addition, the number of unnecessary groups is lowered which reduces the computational burden of
the algorithm.
Only adjacent points on a scan line are compared to each other in segmentation. The drawback of
this approach is that missing points in a sweep caused by shadowing or an outlier measurement can
split the sweep into many groups. This could be fixed by merging groups that are close to each other or
by doing the comparison between two or more adjacent points or by comparing the point to all other
points on the profile. However, in the merging of clusters (Section 3.3) the split sweeps can be merged
again and comparison to only one adjacent point is sufficient. The advantage of comparing only
neighbouring points is the computational efficiency.
In this study, the maximum distance of two adjacent points on a profile was 10 cm. This was
approximately four times longer than the point spacing with 15 Hz mirror frequency and 30 metres
distance from the scanner. The maximum length of an accepted point group was one metre and the
minimum number of points in a group was five.
3.2. Clustering
After scan line segmentation the remaining short point groups are clustered by searching groups that
are on top of each other in adjacent profiles. This way the shape of a pole is taken into account and the
clusters are good candidates for poles. Clustering is done in the horizontal plane, i.e., in
two-dimensional space.
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Firstly, all point groups are saved in a list and one group is selected from some profile with, say,
index j as a seed group. If it is part of a pole then there should be another group on top of it in the
previous profile or below it in the next profile or both of them. First the previous profiles are checked.
The seed group is compared to all groups in the previous profile with index j−1. If a group is found
above the seed group it is added to the same cluster with the seed group. The comparison of two
groups is described below. Next the added group in profile j−1 is compared again to all groups in the
previous profile (index j−2) and if a new group is found it is added to the cluster. Clustering continues
this way until no group is found from a previous profile. Next, the search starts again from the seed
group to the next profiles (Figure 5). The procedure is identical to that in previous profiles. After both
directions have been checked, the whole cluster is saved and point groups belonging to it are removed
from the list of all groups. Then a new seed group is selected from the list of all groups and clustering
is repeated. The whole procedure is continued until all groups are clustered and the list of all groups
is empty.
Figure 5. Clustering of the point groups. Red colour indicates that a group is already added
to the cluster. At each step (from left to right) the highest (lowest) group of the cluster is
compared to the groups of the previous (next) profile. If a group in approximately same
position in the horizontal plane is found, it is added to the cluster.

A point group that is already added to a cluster is compared to all point groups in the previous
(next) profile. A group that is on top of (below) it is searched for and the comparison is done in the
horizontal plane (Figure 6a). Here the seed group of a cluster is taken as an example to illustrate the
idea. The procedure is identical for all groups that are later added to the cluster. Let g1 be the seed
group of a cluster that is compared to another group g2, which is in the previous profile. Let the two
(1)
(1)
(1)
(1)
(2)
(2)
(2)
groups have maximum and minimum x and y values (𝑥min , 𝑥max , 𝑦min , 𝑦max ) and (𝑥min , 𝑥max , 𝑦min ,
(2)
𝑦max ), respectively. Rectangles are placed around both groups, one for each group (Figure 6b). The
sides of the rectangles are parallel to the coordinate axes. The upper right corners of the rectangles are
(𝑘)
(𝑘)
(𝑘)
(𝑘)
in (𝑥max , 𝑦max ) and the lower left corners in (𝑥min , 𝑦min ), where k = 1, 2. g2 is added to the cluster if the
rectangles around the groups overlap. As mentioned in Section 2.2, poles are not necessarily accurately
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vertical and thus sweeps are not always accurately on top of each other. That is why a positive
constant, denoted by Γrect , is added to the side lengths of the rectangles in the x- and y-directions.
Mathematically, g2 is added to the cluster if
2
1
2
1
𝑥max
≥ 𝑥min
− Γrect ∧ 𝑥min
≤ 𝑥max
+ Γrect ∧
2
1
2
1
𝑦max
≥ 𝑦min
− Γrect ∧ 𝑦min
≤ 𝑦max
+ Γrect .

(1)

Sometimes many groups are found whose rectangles overlap with the rectangle of g1. This is
caused, e.g., by small groups of tree leaves that are close to each other. Sweeps of a pole and tree trunk
are sometimes cut into many pieces due to shadowing or roughness of a trunk which causes a similar
effect. If many groups are found only one of them is selected randomly and added to the cluster. The
rest are not discarded but clustered later. This causes a problem that part of a sweep might be missing
in a pole cluster. However, the next phase of the algorithm where the clusters are merged compensates
this problem to some extent.
Figure 6. (a) A pole cluster in MMS data projected to the horizontal plane. Different
sweeps are in different colour. (b) Comparison of green and red groups in (a). The groups
belong to a same cluster if there exist an overlapping of the red and green rectangles (ruled
area). The extra side length Γrect is not taken into account in the figure.

Only adjacent profiles are compared in the clustering. The drawback of this approach is that
sometimes there are missing sweeps due to shadowing and thus the pole is divided into many clusters.
This problem is partially fixed in the next phase of the algorithm where clusters are merged. If the
comparison was made to more than one adjacent profile, bigger Γrect would have to be used. In this
study, Γrect was 0.05 m. Tests with greater Γrect have given worse performance than with the current
value and thus comparison to only one adjacent profile was preferred.
3.3. Merging of Clusters
As discussed earlier, some poles might be divided into several clusters. There are two reasons for
that. First, some sweeps might be missing due to shadowing from other objects between the scanner
and the pole. Second, some sweeps might be cut into many pieces. In addition to shadowing, outlier
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measurements and, for example, roughness of a tree trunk surface may be reasons for this. Thus the
clusters need to be merged. Not all candidates that were found in clustering are pole-like or vertically
oriented. The objective in the merging phase of the algorithm is to find all clusters that are pole-like
and vertically oriented, compare them to all other clusters and merge them with all clusters that seem
to belong to the same pole. In the following, pole-like vertically oriented clusters are called base
clusters. Shape and orientation of a cluster is inspected by performing the PCA to the points of the
cluster. The cluster is defined as pole-like if the ratio of the variance in the first principal direction of
the cluster to the variance in the second principal direction is more than a threshold. Furthermore, the
main axis of the cluster is the line that goes through the middle point of the cluster and is parallel to the
direction of the first PC (Figure 7). To be vertically oriented, cluster’s orientation has to be close
enough to the z-axis, i.e., the angle between the z-axis and cluster’s main axis has to be small enough.
Figure 7. Orientation (main axis, long dashed line) and point’s (black dots) perpendicular
distance from the main axis (r) illustrated in 2D. βmax and βmin are the maximum and
minimum projections on the main axis (see Section 3.4).

If a cluster belongs to the same pole with the base cluster, cluster’s points’ distance from the base
cluster’s main axis should be similar to the distance of the points in the base cluster. Therefore, for
each point in the cluster the perpendicular distance from the point to the main axis of the base cluster is
calculated (𝑟 in Figure 7). Let 𝑟 denote the mean perpendicular distance of the points in the cluster and
𝑟base the same for the base cluster. If 𝑟 is similar to 𝑟base , the cluster might belong to the same pole as
the base cluster. There should also not be too large separation between the two clusters, which is
inspected by calculating the distance between the upper clusters lower end and lower clusters upper
end. Finally, the clusters are merged if the following conditions are met:
(i)
(ii)

𝑟 ≤ 𝑟base + Γ𝑟 , where Γ𝑟 is a small positive constant.
The distance between the two clusters is not too long.

Base clusters are chosen one at a time in the order of their length so that the longest cluster is
chosen first and the shortest last. Each of the base clusters are compared to all shorter clusters,
including all shorter base clusters. All clusters that fulfil the above conditions (i) and (ii) with the base
cluster are merged with it. After that, the merged clusters are not compared to any other base cluster
any more. This applies also to shorter base clusters that have been merged with some other base
cluster. To reduce the computational burden, for each selected base cluster only the closest clusters
from the remaining shorter clusters are chosen for comparison. In this study, the minimum ratio of the
variances in the PCA was set to 42. Γ𝑟 was 0.1 m, the maximum distance between clusters 2.5 metres
and the maximum allowed angle between the axis of the cluster and the z-axis 30 degrees.
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3.4. Classification of Candidate Clusters
A large number of candidate clusters are found, e.g., in building walls due to shadowing. In the final
phase of the algorithm candidates are classified as poles or non-poles. To be accepted as a pole, the
candidate has to fulfil the following requirements:
(a)
(b)
(c)
(d)
(e)

The cluster’s length along its main axis has to be high enough.
The cluster has to consist of minimum three sweeps.
The cluster has to have a pole-like shape.
The main axis of the cluster should be close to vertical.
There should not be too many points around the cluster in its close neighbourhood.

As the condition (a) says, the aim is to find poles that are longer than some minimum length and
therefore too short clusters are removed before classification. Calculation of the length of the cluster is
started by projecting all points of the cluster to its main axis. The length of the cluster is given by the
difference between the largest and smallest projection (βmax and βmin in Figure 7). Due to the gaps
between the profiles (37 cm on average in the data set) the length of a pole calculated straight from the
projections is biased and too low. The maximum error is two times the gap width and on average there
is one gap width missing (half a gap width from both ends). Therefore a gap width is added to the
length of the cluster which gives a better approximation of the length of the pole on average. Because
the gaps between the profiles are not constant they are approximated separately for each cluster by
calculating the average distance between adjacent sweeps in the cluster. In addition, it is required that
the cluster contains at least three sweeps. This way the number of false positives can be lowered
because clusters where two sweeps are accidentally on top of each other are discarded. The drawback
of this restriction is that some poles which are hit by only two sweeps are discarded. The conditions (c)
and (d) are checked as in the selection of base clusters in the merging phase using the same threshold
values for ratio of variances and angle between the main axis of the cluster and the z-axis.
The condition (e) is aimed at removing clusters that are accidentally formed from, e.g., building
walls and branches or leaves of trees. In this case there are typically other points from the wall or other
branches around the cluster. If these are found it is possible to classify the cluster as non-pole.
Classification presented in this paper is somewhat similar to the method developed by Brenner [1]
where data is analysed in cylindrical stacks. The condition is checked by placing two cylinders on the
cluster (Figures 8a and 8b). The main axes of the cylinders coincide with the main axis of the cluster
(cluster and cylinders are coaxial). The upper and lower ends of the cylinders are the same as upper
and lower end of the cluster. Inner cylinder approximates the pole that the cluster possibly presents. Its
radius, denoted by 𝜌inner , is chosen so that there would only be points which belong to the expected
pole inside the cylinder. In addition, all points of the cluster should fall inside the cylinder. A good
approximation of the radius is the maximum perpendicular distance of the cluster’s points from the
main axis, denoted by 𝑟max . In addition, a small extra length Γ𝜌 is added to the radius and hence
𝜌inner = 𝑟max + Γ𝜌 . The outer cylinder’s radius, denoted by 𝜌outer , is somewhat larger and is given by
𝜌outer = 𝜌inner + Δ, where Δ is the difference between the radii. If the cluster is a pole, the number of
points inside the outer cylinder should not be much higher than the number of points inside the inner
cylinder. More precisely, if the number of points inside the inner cylinder is greater than P% of the
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number of points inside the outer cylinder, the cluster fulfils the condition (e). The points inside the
cylinders are searched for from the original point cloud.
The checking of the neighbourhood using cylinders (from now on the cylinder method) is not
completely straightforward. Some poles might also include some other parts and only part of the
cluster is pole-like. For example, traffic signs contain boards (Figure 2b). When the cylinder method is
applied for a sign as a whole the board might cause the rejection of the pole. Consequently, a more
detailed check of the cluster is needed and the cluster is inspected in pieces. First, the two lowest
sweeps are chosen and it is checked whether the piece is pole-like and vertical. If the conditions (c)
and (d) are not met, the next lowest sweep is added to the piece. Sweeps are added to the piece until it
is pole-like and vertical. Detection rate is improved if it is also insisted that the piece has to be longer
than a minimum length that is lower than the minimum length of the pole. If a valid piece is found the
cylinder method is applied to it and the piece is either accepted or ignored. The same procedure is
repeated, i.e., new pole-like vertical pieces are searched for and checked with the cylinder method
starting from each sweep of the cluster. Finally, all accepted pieces are merged into one point cluster.
If the cluster satisfies the conditions (a) and (b), it is accepted as a pole. Otherwise the cluster
is rejected.
Figure 8. The cylinder method. (a) Two coaxial cylinders (red and light green) are placed
on the cluster so that the inner cylinder approximates the expected pole. The cluster may be
accepted as a pole only if the red volume around the cluster is almost empty of points. For
illustration purposes the lengths of the cylinders are not equal to the length of the cluster.
(b) The radii of the cylinders.

Part of the road surface can be removed from the original data set before the cylinder method to speed
up the algorithm. It is easy to remove the centre of the road because it is the middle part of each profile.
Before the cylinder method, only the closest points that are inside a cube that is around the cluster are
selected. This way one does not have to use the whole data set when calculating distances from the main
axis. The minimum length of the pole was the same as in the reference data (1 metre). In the cylinder
method, the minimum length of the piece was 0.5 m, Γ𝜌 was 0.1 m, Δ was 0.35 m, and P was 95%.
4. Results and Discussion
In this section the results of the testing of the method are presented and analysed. At the end of the
section some issues concerning the algorithm are discussed and future work is anticipated. Analysis of
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the results is divided into two parts: the first part discusses the data reference and the second part
discusses the field reference.
4.1. Data Reference
Out of the 148 data reference poles, the developed algorithm detected 115 poles and 33 poles were
missed. Algorithm detected totally 142 targets and thus there were 27 false positives, i.e., clusters that
did not belong to the reference data set. Thus, the completeness of the detection was 77.7%,
correctness 81.0% and mean accuracy 79.3% (Table 3). Mean accuracy (MA) was defined as the
probability that a randomly chosen automatically detected target was correctly detected and that a
randomly chosen reference target was detected by the algorithm [53]. The formula for the mean
accuracy was [53]:
𝑀𝐴 =

2 × number of correctly detected targets
∙ 100%
number of reference targets + number of all detected targets

(2)

When only targets (detected and reference) closer than 12.5 m from the scanner route were
considered in the analysis the completeness was 5.8% and correctness 5.5% higher than with the
original data reference (Table 3). 12.5 m distance was chosen because most of the reference poles and
tree trunks (approximately three quarters) were closer than this from the scanner route. The reason for
the better detection rate closer to the scanner is higher point density and lesser effect from shadowing
from other objects. The difference in the detection rates would probably be bigger if the poles were
more uniformly distributed in all distances from the scanner route.
Table 3. Results of the automatic pole detection using the data reference. d is the
maximum allowed distance from the targets to the scanner route. In the middle column are
the results for all targets that are closer than 30 m from the scanner route. In the right
column only targets that are closer than 12.5 m from the scanner route are taken
into account.
Statistical Number
Completeness (%)
Correctness (%)
Mean Accuracy (%)

Data Reference
d < 30 m
77.7
81.0
79.3

Data Reference
d < 12.5 m
83.5
86.5
85.0

Fourteen of the missed reference poles had vegetation around them, the tree trunk was partially
inside branches or there were some scattered points around the poles. These poles were discarded by
the cylinder method because there were too many points in the outer cylinder. Four missed poles had
sweeps that contained less than five points and were thus discarded after scan line segmentation. Five
missed tree trunks were behind parked cars which meant that the trunk was only partially visible in the
data. This problem can be seen in Figure 2a where there are ―black shadows‖ between parked cars and
buildings on the right side of the road. Three missed poles were so oblique or curved that the sweeps
were not clustered and no candidate cluster was formed. The rest seven reference poles were missed,
for example, because there were too many sweeps missing in the pole due to shadowing, the pole was
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so short that it consisted of only two sweeps in the data or the pole was a traffic sign which had two
boards so that the pole-like parts were too short. The application of the cylinder method loses
sometimes the highest sweep of the pole. This caused the rejection of at least one reference pole which
consisted of only three sweeps.
Because the parameter P was as high as 95% in the cylinder method, only a few points around the
pole caused a rejection of the pole. However, if the percentage was lowered the correctness of the
classification would be poorer. If the minimum number of points in one group in scan line
segmentation was set to less than five no significant improvements were achieved in mean accuracy.
The computation time of the algorithm almost doubled when smaller groups were accepted and thus
minimum of five points was preferred. The problem of parked cars could be diminished by placing the
scanner higher in the measuring vehicle or, if possible, simply by performing the data collection during
a time when there are only few parked cars. The oblique poles and curved tree trunks could be detected
possibly by applying some different kind of clustering method.
14 of the 27 falsely detected targets were pillars in the buildings. Before collection of field reference
it was decided that pillars would not be included in it. However, there is no feature in the algorithm
that would separate pillars from other poles and in this aspect the definition of the reference was not
completely successful. If pillars were included in the reference, the correctness of the detection would
have been more than 90%. However, in this case the completeness value would also have
been different.
Seven of the rest 13 false positives were found from different wall structures in the buildings. The
reasons for these were scanning geometry and shadowing. Surfaces that are nearly parallel to the laser
rays will have a rather low point density. Therefore, when the angles between a building wall and the
laser rays are small, only a very small amount of measurements will be achieved from the wall. On the
contrary, planes perpendicular to the laser ray have a much higher point density. Thus narrow corners
in the aforementioned walls can produce pole-like point clusters into the data (Figure 9). Also parts of
the walls that are between windows, doorways and edges of buildings can cause narrow point clusters
that look like poles. The edges of a wall can be problematic because there may not be points on the
other side of the edge at all.
Two of the rest falsely detected targets were branches of a tree that did not have one clear trunk but
several branches. One false positive was caused by an error in the georeferencing of the data that
caused that a pole was divided into two parts which were not coaxial and one of them was considered
falsely detected. One false positive was a traffic sign that was in the field reference but could not be
identified as a pole in the manual check of the data. One incorrect target was a pole whose length was
less than one metre in the field and therefore it was not included in the reference. The approximation of
the length calculated by the algorithm was in this case too long and therefore the pole was not
discarded in the method. The last falsely detected target may have been a very small tree which was
not in the reference. The number of falsely detected poles from the buildings could be lowered by also
using the data collected from the opposite driving direction. In some part of the modelling process the
buildings are also extracted. After this it may be possible to remove the falsely detected poles from the
building structures.
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Figure 9. Density of the laser measurements (green dots) on a wall (black line) that is
nearly parallel to the laser rays (red lines) and that has a narrow corner.

Concerning the subclasses of poles, lamp posts were the easiest to detect having approximately
17–20% higher detection rate than traffic signs or tree trunks (table 4). The most significant factor
causing the differences in the detection rates was probably the length of the pole. Almost all of the
lamp posts were more than three metres long while this was the case for less than half of the
other targets.
Table 4. Detection rates for different subclasses of poles in the automatic detection.
Subclasses
Traffic Signs
Lamp posts
Tree Trunks
Targets with Length ≥ 2.5 m
Targets Thicker than 10 cm

Detection Rates (%)
Data Reference
Field Reference
73.3
59.0
93.0
93.0
76.1
64.6
–
81.6
–
78.8

4.2. Field Reference
85.5% of poles found in the field were also found in the data when it was checked manually. All
lamp posts, 76.9% of traffic signs and 84.8% of trees could be identified. The reason for not finding a
pole in the data was the shadowing effect from other objects between the pole and the scanner. The
detection rate could possibly be improved to some extent if data from two opposite driving directions
was used. Completeness, correctness and mean accuracy of the automatic detection were 67.1%,
81.7% and 73.7%, respectively (Table 5). As with the data reference, lamp posts were the easiest to
detect from the subclasses (Table 4). When only targets that were closer than 12.5 m from the scanner
route were taken into account completeness was 9.3%, correctness 5.7%, and mean accuracy 7.9%
higher than with the original reference (Table 5).
Detection rate for the poles whose length was 2.5 m or higher was 14.6% higher when compared to
the original completeness value (Tables 4 and 5). Correspondingly, poles which were thicker than 10 cm
had 11.8% higher detection rate. Approximately half of the reference targets were 2.5 m long or longer
and about 60 % were thicker than 10 cm. The higher detection rates for thicker and longer poles are
due to the fact that they have larger area and thus there is higher probability that the laser will hit them.
However, these restrictions would rule out a large part of poles in road environments. For example, all
poles in traffic signs were 6 cm thick and more than half of them also less than 2.5 m long.

Remote Sens. 2010, 2

659

Table 5. The corresponding results as in table 3 for the field reference.
Statistical Number
Completeness (%)
Correctness (%)
Mean Accuracy (%)

Field Reference
d < 30 m
67.1
81.7
73.7

Field Reference
d < 12.5 m
76.4
87.4
81.5

4.3. Validation of the Method
In the results presented so far, the whole data set was used for the development of the method, and
therefore the results may be too optimistic. Another test was conducted in which the data set was
divided into two parts. Profiles 600–1,000 and the corresponding reference targets formed the training
set and profiles 1–599 with the corresponding reference targets the validation set. The number of
reference targets was approximately same in both sets. The training set was used for tuning the
parameters of the method and validation set was used to test the performance of the method.
The completeness of the detection was less than one percent lower with the validation set when
compared to the completeness with the training set. Correctness values were not comparable because
false positives from the buildings (pillars and narrow corners) were unevenly divided between the
training and validation sets.
Because the whole data set (training and validation together) had been used to develop the
algorithm, the validation set was not completely independent and the validation results may be
optimistic. However, based on the results, the parameters of the method do not seem to be highly
sensitive and overfitted to the used data set. Therefore, the results presented for the whole data set
(Sections 4.1 and 4.2) should give a good estimate of the performance of the method also with new
unseen data.
4.4. Applicability of the Method in Other MMS
The method described in this paper is applicable to MMS whose data consists of profiles and where
the scanning plane is tilted which is the case, e.g., for the StreetMapper 360 and Lynx systems. In
addition, PRF should be large enough in relation to mirror frequency so that several points will hit
even a narrow pole in one profile. The parameters of the method depend on and need to be adjusted
according to the characteristics of the used MMS. These include, e.g., tilting angle of the scanner,
driving speed, mirror frequency and PRF. The information on the relative positions of profiles and
points on each profile are not necessary and with some modifications the method is applicable even if
this information is not available.
4.5. Future Work
In the future, the method will be developed further and tested with larger and different kinds of data
sets. These will include combined data from two opposite driving directions in the same area, data
collected with different MMS and with different driving speeds and scanner frequencies. Use of
combined data sets from different scans of the same area may improve the detection rate of the
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method. It is also expected that the density and quality of VLS data are increased in the future which
could also result in higher accuracies. Separation of tree trunks from other poles will also be a topic
of research.
The detection rate of the poles might be increased by developing the method further. Poles and
trunks which are visible in the data but have substantially many points around them (e.g., due to
branches of trees) are not classified as poles by the current algorithm and need different methods. Also
detection of tilted poles and poles that have many missing sweeps need some further research.
Sometimes the highest sweep of the pole is lost when the cylinder method is applied and the method
needs to be improved. The Roamer system includes also cameras which could also be used in the
detection of the traffic signs [54] which had the poorest visibility in the laser data. Due to the huge
amounts of data produced by VLS systems, the computational efficiency of the method needs to
be investigated.
5. Conclusions
Accurate road environment information is needed in numerous applications, such as road
maintenance, 3D city and noise modelling, location-based services and driver assistance systems.
Vehicle-based laser scanning (VLS) supplements conventional laser-based mapping techniques; it
produces more accurate and denser data than ALS and is much more efficient than TLS when large
areas are mapped. Poles can be considered as an important part of road infrastructure; they stand out
from the environment and can be used as reference targets in different applications. Examples of
pole-like objects include utility poles, such as traffic signs and lamp posts, and tree trunks. Because of
differences in point density the data processing methods for ALS and TLS are usually not applicable to
VLS as such and new methods have to be developed.
The aim of the study was to develop automatic methods for the extraction of pole-like objects in
road environments based on VLS data. Because of large amounts of data produced by VLS the data
processing methods need to be automatic. Up to this date, a few methods have been developed for pole
detection in VLS but a thorough experimental testing has not been reported for any of them. One of the
main objectives of the study was to analyse the statistical accuracy of the developed method.
The developed pole extraction method was tested in a suburban area and an approximately 450 m
long straight stretch of road was mapped with the Roamer MMS. The road was driven in one direction
with an average driving speed of approximately 20 km/h. For the range measurements, the phase-based
Faro LS 880HE80 laser scanner was used with 120 kHz PRF, 320 degrees FOV in the scanning
plane, 15 Hz mirror frequency and about 50 metres maximum measurement distance. The scanning
plane was tilted 135 degrees backwards with respect to vehicle motion which made it possible to
achieve multiple sweeps from the poles from adjacent profiles. The whole data set consisted of about
seven million 3D points. Reference data was collected manually from the test field and only targets
that were closer than 30 metres from the scanner route were included. The main classes of the targets
were lamp posts, traffic signs and tree trunks.
The quality of VLS data proved to be good in pole detection. 85.5% of the poles found in the field
were manually identified from the collected laser data. These formed another reference called data
reference which was used for the evaluation of the developed automatic algorithm. From data
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reference poles, the developed algorithm found 77.7%. Correctness of the classification was 81.0%.
Poles inside vegetation, tree trunks inside branches and behind parked cars, poles that had some
scattered points around them and too oblique poles were the most difficult to find with the developed
algorithm. More than half of the falsely detected targets were pillars which were intentionally left out
from the reference. More than one quarter of the false positives came from building structures because
of scanning geometry and occlusion. It might be possible to remove these in later stages of the
modelling process when buildings are extracted. Traffic signs were the most difficult and lamp posts
the easiest to detect both with the automatic method and in the manual investigation of the data. As
could be expected the completeness was higher for poles and trees that were closer to the road, had
larger diameter or were longer. Generalisation properties of the method for new unseen data seem
promising because the parameters of the method did not seem to be overfitted to the used data set.
With some modifications the method should be applicable in different laser-based MMS, also in the
most prominent commercial systems. The accuracy of the detection may possibly be increased by
developing the method further. Improved accuracy may also be achieved by combining data from
several scans of the same area and due to the increased density and quality of VLS data in the future.
The computational efficiency of the developed method needs to be investigated and the method will be
tested with different and larger data sets.
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