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Pole-Like Road Object Detection From Mobile Lidar
System Using a Coarse-to-Fine Approach

Tee-Ann Teo and Chi-Min Chiu

Abstract—The requirements of three-dimensional (3-D) road
objects have increased for various applications, such as geographic
information systems and intelligent transportation systems. The
use of mobile lidar systems (MLSs) running along road corridors is
an effective way to collect accurate road inventories, but MLS fea-
ture extraction is challenged by the blind scanning characteristics
of lidar systems and the huge amount of data involved; therefore,
an automatic process for MLS data is required to improve effi-
ciency of feature extraction. This study developed a coarse-to-fine
approach for the extraction of pole-like road objects from MLS
data. The major work consists of data preprocessing, coarse-to-
fine segmentation, and detection. In data preprocessing, points
from different trajectories were reorganized into road parts, and
building facades alongside road corridors were removed to reduce
their influence. Then, a coarse-to-fine computational framework
for the detection of pole-like objects that segments point clouds
was proposed. The results show that the pole-like object detection
rate for the proposed method was about 90%, and the proposed
coarse-to-fine framework was more efficient than the single-scale
framework. These results indicate that the proposed method can
be used to effectively extract pole-like road objects from MLS
data.

Index Terms—Coarse-to-fine, mobile lidar system (MLS),
pole-like object extraction.

I. INTRODUCTION

A THREE-DIMENSIONAL (3-D) road model is one of
the important elements in a 3-D city model and can be

applied in different applications such as internet-of-vehicles,
intelligent transportation systems, location-based services, and
traffic safety inspection. A road scene can be represented
by various road features for different applications. According
to the level-of-detail (LOD) of road models specified in the
Open Geospatial Consortium (OGC) CityGML standard [1], an
LOD3 road model includes road surfaces, road marks, road fur-
niture, and other features. Pole-like road objects such as traffic
lights, traffic signs, and street trees found commonly by the
roadside are one of the most important pieces in LOD3 road
furniture. The use of a mobile lidar system (MLS) can effec-
tively collect accurate road scene data for creating a detailed
3-D road model. MLS, which integrates a global positioning
system (GPS), inertial measurement unit (IMU), distance mea-
surement instrument (DMI), laser scanners, and digital cameras
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in a vehicular platform, can produce dense 3-D point clouds
of a road environment. Owing to the blind characteristics of
point clouds, however, point clouds must be identified man-
ually for object modeling. The manual identification of point
clouds is labor intensive and time consuming, which is further
complicated by the data quantity and point density of MLS
data. Therefore, developing an effective method for feature
recognition using MLS data is an important task.

Recognizing pole-like road objects from point clouds
involves two major stages: detection and reconstruction. The
detection stage obtains the point clouds of road objects while
the reconstruction stage builds up the 3-D model. The detection
stage comprises methods to detect regions of interest (ROIs)
for subsequent road object reconstruction. Road object recon-
struction determines the 3-D geometrical description of road
objects located in a given ROI. After pole-like object detection,
the reconstruction process can be focused on this region rather
than considering the whole data set. This advantage not only
saves computing time, but also reduces problems of ambigu-
ity; therefore, pole-like object detection is an important step in
object modeling.

The irregular lidar points are usually merged into segments to
distinguish pole-like and nonpole-like objects in the detection
stage. The advantage of segmentation is to gain more useful fea-
tures from each segment for pole-like object detection; there-
fore, most pole-like object extraction usually separates poles
and nonpoles based on aggregated segments rather than individ-
ual points. For example, Lehtomäki et al. [2] used a scanning
line to combine lidar points between scan lines to detect pole-
like road objects by horizontal profile analysis. Because this
method assumed that the pole-like object is a vertical object
and perpendicular to the ground, the results relied on scanning
geometrics of the MLS scanner and distribution of points.

Euclidean clustering and surface growing are commonly
applied in road object segmentation. Euclidean clustering sepa-
rates 3-D points according to their proximity (point distance)
in 3-D space. Surface growing considers a point’s similarity
between neighboring points. Because road objects are standing
on the ground, the “on-ground” objects are usually connected
with the ground points. Because ground points are usually con-
nected with on-ground points, different algorithms for object
segmentation are developed to extract connected on-ground
points before road object detection. To remove the effects
of ground points, there are two possibilities in road objects
segmentation: remove the ground points before segmentation
[3]–[6] or remove the ground points after segmentation [7].

In the first approach, the ground points of MLS data should
be removed before on-ground segmentation, which requires
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additional ground-point filtering before segmentation [8]–[11].
For example, Yokoyama et al. [3] assume that ground points
are already removed before segmentation. They used Euclidean
clustering to extract connected components from on-ground
points and used the extracted components for road object recog-
nition. The quality of ground-point identification may influence
the object detection capability.

In the second approach, a surface-growing algorithm [7] can
be applied to road object extraction without ground-point fil-
tering. This algorithm considers both proximity and coherence
[12], [13] between neighboring points. After surface-growing
segmentation, the segments similar to horizontal planes can be
treated as ground planes. In other words, flatness, size, and
height properties are used to distinguish between ground and
on-ground objects. Then, the features of connected on-ground
segments are used to detect pole-like road objects. Although
the surface-growing strategy does not need ground-point filter-
ing before segmentation, it requires more computational time
for all points’ surface growing and horizontal plane removal.

The data structures of lidar points for segmentation can be an
original 3-D space (i.e., X, Y, Z axes) or a transformed space
(e.g., projected space), which simplifies the 3-D points into a
projected plane. For example, 3-D points can be interpolated
to a 2-D gridded structure to identify road objects [14]–[17]
because a 2-D raster grid provides convenient data structures for
visualizing and processing point data [18]. Moreover, the tradi-
tional image processing technique can be applied to a 2-D raster
[17]. In general, road objects appear commonly in densely pro-
jected regions, and because the point density of MLS is related
to the scanning rate, pulse rate, platform speed, number of
strips, and occlusion, heterogeneous distribution of MLS point
density may influence parameter selection in projected regions.

Apart from 2-D gridded structures, 3-D voxel space struc-
tures are usually used for detecting pole-like road objects.
Irregular lidar points are structuralized into 3-D grids, from
which pole-like objects can be detected by analyzing connected
voxels and cross sections. The advantage of the voxel-based
approach is its effectiveness for pole-like object detection.
Based on the geometry of pole-like objects through cross-
sectional analysis, Wu et al. [19] and Cabo et al. [20] detected
and separated the overlapped objects connected by tree crowns
or other structures; Wu et al. [19] focused mainly on street
trees, while Cabo et al. [20] considered only single-scale voxel
structures in object extraction and any inclined poles that might
be missed. Therefore, the appropriate voxel size or the process
for pointwise analysis after voxel-scale analysis is required to
ensure reliable results. To reduce the heavy computing cost of
pointwise segmentation process in the large-scale scene, Yang
et al. [4] developed a multiscale supervoxel [21], [22] process
for nonground points. They generated supervoxels in two dif-
ferent scales based on graph-based method and merged adjacent
segments into meaningful objects by defining a set of semantic
rules. Due to the supervoxel segmentation, a large number of
voxels were extracted and large computational resources (com-
putation time) were required. Moreover, the color information
of point clouds, the control of the tradeoff between compact-
ness and boundary adherence in supervoxel generation, and
ground-point removal are also needed for this algorithm.

After segmentation, object classification is applied to sep-
arate different pole-like objects using knowledge-based and
machine-learning approaches. Pu et al. [7] proposed the
concept of knowledge-based classification for road structure
inventory by assuming that the semantic features of different
objects can act as automatic agents for road object recogni-
tion. Easy-to-understand features such as shape, size, material,
color, and orientation were applied. Golovinski et al. [6] applied
several machine-learning classifiers to classify objects in urban
environments by extracting shape (e.g., number of points, vol-
ume, height) and contextual features from objects to represent
the relative positions in a road environment. Ishikawa et al. [23]
used a support vector machine for MLS point cloud classifica-
tion, and Yu et al. [5] employed a shape-matching approach
to detect pole-like road objects from MLS data. Although the
employed descriptors are invariant to scale and orientation, and
partially insensitive to topological changes, the time-consuming
and expensive construction involved are restrictive. Because the
construction of a road environment is required to meet the road
standards, regulations, and specifications set by governments,
road object knowledge can be extracted from road specifica-
tions, especially in urban areas. Hence, this study adopts the
knowledge-based approach for detecting pole-like road objects.

Many studies have presented various automatic processes
to segment pole-like objects from MLS data through differ-
ent strategies, yet two challenges require further investigation:
1) the influence of ground points and 2) computing effi-
ciency. First, many studies have attempted to separate MLS
point clouds into ground and nonground parts in data pre-
processing to extract objects from nonground points because
objects are erected from the ground [3]–[5], [7]. For a com-
plex environment, however, detecting ground points precisely
in a large number of point clouds is still a time-consuming
process. The correctness of ground filtering might also influ-
ence the ability to detect objects. Developing a method without
global ground-point filtering is thus needed in pole-like object
detection. Second, large data quantities for large-scale urban
area mapping require more computational resources, so the
computational efficiency is critical for the automated process.
Although an image-based approach is widely applied in urban
object extraction from MLS data [14]–[18], the information
might be lost after projecting the 3-D points into the 2-D plane.
By simplifying irregular lidar points into 3-D voxel structures,
the voxel-based approaches are considered more efficient than
pointwise segmentation [4], [19], [20]; hence, the computing
cost can be improved by applying a coarse-to-fine framework.

The objective of this study was to develop a coarse-to-fine
approach to improve the computational efficiency for extract-
ing pole-like objects from MLS data. The coarse-to-fine con-
cept helps to extract pole-like road objects at the voxel scale
and detect them precisely at the point scale. At the voxel
scale, the proposed irregular voxel segmentation overcomes
the problem of ground-point connection, and the proposed
method eliminates the need to separate MLS point clouds into
ground and nonground parts before on-ground object detec-
tion. Considering that ground filtering is often time consuming
and the results might influence the object detection capabili-
ties, streamlining the process becomes one of the advantages
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of our algorithm. Moreover, the coarse-to-fine framework that
enhances the computing efficiency results in two advantages:
1) most nonpole-like segments are effectively removed at the
voxel scale so that not all points are processed in the point-scale
stage and 2) the coarse-to-fine framework mitigates the comput-
ing cost of Euclidean clustering algorithm to detect pole-like
objects according to the time complexity analysis. The voxel
scale effectively extracts the candidate segments of pole-like
road objects, then the point-scale process is carried out for each
candidate segment. In contrast to applying pointwise Euclidean
clustering for the whole input data, the proposed framework
is more efficient; therefore, this coarse-to-fine strategy may
reduce the computation time while preserving precision. The
outputs of voxel scale (i.e., coarse level) are initial pole-like
segments and become the input of point-scale (i.e., fine level)
pole-like object detection. An initial pole-like segment is a set
of points from connected voxels after voxel-scale segmentation
that provides useful information in point-scale segmentation.
Because the pole-like objects are connected to ground patches,
the voxel-scale segmentation effectively removes most ground
patches and reduces the mixed objects in an initial pole-like seg-
ment. The point-scale Euclidean clustering is applied to each
initial pole-like segment rather than the whole data set, which
can also improve the computational performance. The voxel-
scale process reduces the number of lidar points, as well as
the commission error, because the initial pole-like segment has
been evaluated before point-scale segmentation.

The contributions of this study are 1) to establish a coarse-
to-fine strategy that considers both voxel scale and point scale
methods in object detection and 2) to establish an irregular
voxel segmentation able to overcome the connectivity issue
between ground and on-ground voxels in a traditional regu-
lar grid voxel. The scope of this study is to detect pole-like
objects from MLS using coarse-to-fine strategy through data
preprocessing, applying a coarse-to-fine approach to segment
pole-like objects, and hierarchical filtering of pole-like object
detection. The MLS data are reorganized by trajectories, and
building facades alongside road corridors are automatically
removed in data preprocessing. To effectively deal with the
huge amount of MLS data, the proposed method uses Euclidean
clustering [24], which applies basic segmentation criteria for
segmenting connected points in a coarse-to-fine framework.
The proposed method does not need to remove ground points
beforehand; rather, it enhances the existing method of using
ground-point filtering before Euclidean clustering in a sin-
gle scale. Finally, the hierarchical filtering is implemented to
remove the nonpole-like road objects. The rule-set is con-
ducted depending on road knowledge and traffic management
specification.

II. METHODOLOGY

The proposed method contains three major steps (Fig. 1):
1) data preprocessing; 2) coarse-to-fine segmentation of pole-
like objects; and 3) pole-like objects detection. Data prepro-
cessing selects ROIs and removes building facades. Then, the
coarse-to-fine approach segments and detects pole-like road

Fig. 1. Proposed scheme for extracting pole-like road objects.

objects. Finally, hierarchical filtering detects various pole-like
objects.

A. Data Preprocessing

Data preprocessing consists of two major steps: ROI selec-
tion and building facade removal. Original MLS data is stored
depending on the scanning sequence, and quantity of data is
usually considerable. ROI selection, therefore, aims to reorga-
nize and partition the MLS data into different road segments.
The MLS trajectories are useful information for ROI selection.
The trajectories in ROIs are selected to generate road center-
lines. Then, according to the predefined partition length and
approximate road width, the MLS points are partitioned into
several road parts along the road centerlines. In this study, we
designed 5-m overlapped zones between neighboring road parts
to avoid road object separation.

The points in ROIs are selected based on predefined road
width and road length along road centerlines, but the road width
is difficult to determine automatically and precisely. Some
buildings and nonroad points might also be included in the ROIs
and may influence the accuracy of object detection. Because
building facades are usually large planar patches located by
the roadside, we detected the majority of facade planes in the
parameter space to refine the selected points. In each road part,
points located 15-m above the ground were selected for facade
detection in the distance–angle parameter space. The ground
height of each road part was estimated using the height of
trajectory data. We also calculated the normal vector and point-
to-centerline distance for each point. The horizontal distance
(ρ) perpendicular to the centerlines, and the horizontal angle
(θ) between the lidar normal vectors and the road direction were
determined. All 3-D points were converted and accumulated in
distance–angle (ρ− θ) parameter space. After statistical anal-
ysis in parameter space, the majority of the facade planes can
be detected from the highest accumulate element in the ρ− θ
matrix, and the horizontal distances perpendicular to the major-
ity planes are used to exclude building points in ROIs. Note that
the road corridors have two sides, so road edge refinement was
implemented on two sides as well.

B. Coarse-to-Fine Segmentation

Coarse-to-fine segmentation of pole-like objects comprises
three major steps: 1) voxel-scale segmentation; 2) point-scale
segmentation; and 3) overlapped object segmentation. The
coarse-to-fine framework extracts man-made and nonman-
made pole-like objects from MLS data. Detecting ground points
globally from MLS data is difficult, but this algorithm does not
require removal of ground points from input data. Moreover,
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Fig. 2. Irregular voxel space. (a) Points of traffic light. (b) Point voxelization
(blue arrows represent clustering directions).

TABLE I
DEFINED VOXEL SIZE OF IRREGULAR VOXEL SPACE

this approach only uses proximity of points in the segmentation
process to reduce the computation time. The following sections
describe the presented coarse-to-fine approach.

1) Voxel-Scale Segmentation: The purpose of voxel-scale
segmentation is to simplify irregular points through the voxel
space and remove nonpole-like road objects. The MLS point
clouds are transformed into voxel nodes; then, Euclidean clus-
tering for voxel nodes is used to extract connected components
from the voxel nodes. Ground-point connection is a major issue
in the detection of pole-like road objects. Hence, in this study,
we proposed an irregular voxel space to overcome the con-
nectivity issue between ground and on-ground voxels (Fig. 2).
The designed irregular voxel space was separated into a bottom
layer and a top layer based on the relative height above ground;
the ground height was estimated by the height of MLS trajec-
tories. The bottom part, which is 3-m above ground, contains
the vertical pole parts of road objects, and the horizontal voxel
size in the bottom layer is larger than the vertical voxel size.
The larger horizontal spacing helps to ensure that each vertical
object can be separated individually instead of merged through
voxel node clustering. Moreover, the top layer, which is at a
height ≥3-m above ground, comprises the attached structures
of pole-like objects. The attached parts provide important fea-
tures for detection and can be extracted via dense voxel nodes.
Based on the predefined voxel space (Table I), the point clouds
were transformed into voxel nodes by

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

ip = int
(

xp−xmin

Δx

)
jp = int

(
yp−ymin

Δy

)
kp = int

(
zp−zmin

Δz

) (1)

where
(xp, yp, zp) are the coordinates of point p;
(xmin, ymin, zmin) are the minimum values of all points;
(Δx, Δy, Δz) represent the voxel size;
p is the point id; and
int(·) is the integer operator.

Once the points are voxelized and the voxels that do not con-
tain any points are deleted, the Euclidean clustering method
uses voxel nodes [Fig. 3(b)] for segmentation rather than the
original MLS points [Fig. 3(a)]. Usually, the higher part of
an object is more complex than its lower part; for example,
the crown of a tree is more complex than its stem at breast
height. Therefore, the voxels in the bottom layer consider clus-
tering only in the vertical direction [Fig. 2(b) for H < 3m];
the voxels in the top layer consider both the horizontal and
the vertical directions. Consequently, ground voxels can be
detected easily because they do not have any voxels stacked
over them. The tolerance distance of Euclidean clustering is
1.5 m, a parameter designed to separate the ground voxels
from those containing pole-like objects. The distance between
two voxel centers is <1.5 m and will be merged into a seg-
ment. To separate the ground voxels, voxels in the bottom
layer should grow vertically; therefore, the threshold should
be smaller than the distance between the adjacent voxels (i.e.,
2 m and sqrt(22 + 22) = 2.83m). However, voxels in the top
layer should grow vertically and horizontally, and therefore the
threshold should be larger than the distance between the adja-
cent voxels (i.e., 1 m and sqrt(12 + 12) = 1.41m). To combine
these two constrains, the threshold should be within 1.41–2 m.
This study selected 1.5 m as the threshold.

After Euclidean clustering of voxel nodes, the points in the
voxels are segmented into individual objects [Fig. 3(c)], and
the height of an object is used to remove nonpole-like objects.
To this end, height information is obtained using the maxi-
mum bounding rectangle (MBR) of an object (zmax, zmin), and
the ground height (zg) is estimated from the trajectories. After
refinement, pole-like object candidates are extracted [Fig. 3(d)],
and most of the ground points can be removed. Given that pole-
like objects stand on the ground, the criteria for nonpole-like
object removal include:

1) objects that do not connect with vertical voxels and are
ground voxels;

2) objects that float in the air because they are not connected
with a ground voxel (2); and

3) objects shorter than a predefined threshold (3).

if((zmin − zg) > ThesholdZ), then, nonpole-like object
(2)

if((zmax − zmin) < ThesholdH), then, nonpole-like object.
(3)

2) Point-Scale Segmentation: In voxel-scale segmentation,
nonpole-like road objects are roughly excluded, but the
extracted segments may contain multiple objects; either two
objects are too close to each other [Fig. 4(a)], or multiple
objects are mixed [Fig. 5(a)]. Because the voxel-scale seg-
mentation has removed most of the nonpole-like voxels, this
point-scale segmentation only focuses on the remaining can-
didate points. After voxel-scale segmentation, the adjacent
voxels are connected into a segment and nonpole-like vox-
els are also removed. This stage selects all the lidar points
inside the merged voxels for further point-scale segmentation.
In other words, voxel scale effectively removes a large num-
ber of nonpole-like points and aggregate candidate points for
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Fig. 3. Voxel-scale segmentation. (a) Point clouds (colored by height). (b) Voxelization (colored by height). (c) Segmentation by Euclidean clustering of voxel
nodes (colored by component). (d) Extracted on-ground objects.

Fig. 4. Separation of closed objects in single segment. (a) Segment extracted
by voxel-scale process. (b) Separated results (colored by object id).

refinement in point scale. For example, if two objects are too
close to each other and are segmented within the same segment,
postprocessing is required to separate the objects [Fig. 4(a)].
To separate these two objects, local ground points are removed
using a plane detection method based on RANdomSAmple
Consensus (RANSAC) [25], [26], and then Euclidean cluster-
ing of points is applied to extract individual objects with a
tolerance distance of 0.15 m. After the process, the objects are
separated [Fig. 4(b)].

The 0.15-m tolerance threshold of Euclidian clustering in
point scale was estimated from the point spacing between two
scan lines, chosen because the distance between two points is
<0.15 m and will be merged into a segment. Assuming that the
maximum vehicle speed of MLS is 60 km/h in urban area and
the maximum scan rate is 200 lines/s, the estimated point spac-
ing between two scan lines is about 0.08 m at near range; hence,
the threshold should be >0.08 m. Considering that the point
spacing will be >0.08 m at far range, 0.15 m was selected as a
threshold in our point-scale Euclidian clustering and conforms
with a previous study [5] on tolerance distance of Euclidian
clustering.

3) Overlapped Object Segmentation: Point-scale segmen-
tation cannot directly address overlapped objects; therefore,
postprocessing is needed to identify the number of over-
lapped objects, most of which are caused by point connections
among leaves in tree crowns. Accurately distinguishing and

segmenting man-made objects from overlapped areas remains a
challenging task. The stem parts of objects are not overlapped,
and therefore, it is possible to detect stems to determine the
number of objects [19], [27], [28]. Based on the ground height
obtained from trajectory data, we selected the points lower than
breast height to detect individual stems. Euclidean clustering
is used to cluster the stem points [Fig. 5(b)], and the number
of stems can be obtained from the clustering results. If the stem
number in an object is more than one, the object is labeled as an
overlapped object. This study employed a stem-based approach
to separate overlapped objects. First, the objects were split into
the stem and crown parts. In the stem parts, only the stem points
of individual objects were selected; in the crown parts, we cre-
ated a cylinder to select the crown points [Fig. 5(c)]. Note that
the center of the cylinder is the mean of stem points. Because
the trees and traffic objects in urban area are generally symmet-
rical objects, we simply calculated the distance between stem
parts and the radius of crown, defined by half the distance.

C. Pole-Like Road Object Detection

After coarse-to-fine segmentation, the objects on the ground
are segmented into individual objects; however, the segmented
objects might contain nonpole-like objects such as vehicles and
walls (Fig. 6). Thus, several features are applied to remove
the nonpole-like road objects to refine the extracted results,
including feature extraction for each object and nonpole-like
objects removal using features such as area of cross section,
position, size, orientation, and shape. During feature extraction,
pole parameters such as location, radius, and height are also
calculated, then hierarchical filtering is used to remove the non-
pole-like objects (Fig. 7). The details of extracted feature are
described as follows.

Position: Based on the contextual knowledge of road envi-
ronment, position is an important cue in object recognition, and
object positions can be computed from the extracted points.
Road objects were placed only at the road center island and
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Fig. 5. Segmentation of overlapped objects. (a) Overlapped objects. (b) Clustering of stems. (c) Separation of overlapped objects (colored by component).

Fig. 6. Results of coarse-to-fine segmentation. (a) Nonpole-like objects. (b) Pole-like objects.

Fig. 7. Hierarchical filtering in pole-like object detection.

along the roadside; for example, the dual-side street lights and
traffic lights can only be placed on the traffic island. Note that
the road centerline is extracted from MLS trajectories, and the
roadside information is obtained via near-road building facade
detection (Section II-A). Objects not placed on the road center
or roadside are treated as nonpole-like objects.

Size: Each road object has a specific size according to the
road specification parameters of length, width, height, center,
area, and radius of an object. We used MBR to calculate the
length, width, and height of an object. The cross-section of
pole-like objects at breast height is similar to a circle, and the

pole center and radius in the horizontal plane is obtained by
RANSAC circle fitting. We calculated the center and the radius
of cross section to accurately represent the pole-like object at
every 0.25 m, along the vertical direction. The area of cross
section can be simply calculated from the area of a circle (πr2).

Shape: Shape feature is used to distinguish man-made from
nonman-made objects in a decision tree. In general, the tree is
remarkably different from the man-made pole, and therefore,
uses different criterion in refinement. For example, man-made
objects usually have regular shapes in contrast to the irregu-
lar shapes of trees. In this study, shape features included the
echo ratio (ER) and the largest normalized eigenvalue (Nλ).
The ER (4) is widely applied to distinguish between man-made
objects and trees [29] in multireturn lidar, and Nλ(5) is used to
recognize the geometry of point distributions (e.g., linear, pla-
nar, and spherical) [14] to remove planar objects such as walls.
The covariance matrix for (5) can be calculated by the mean of
points in a radius [30]

ER (%) =

(
nfirst + nintermediate

nlast + nsingle

)
× 100 (4)

where
nfirst is the number of the first return points;
nintermediate is the number of intermediate points;
nlast is the number of last return points, and
nsingle is the number of single return points.

Nλ =
λ3

λ3 + λ2 + λ1
(5)
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Fig. 8. Results of automatic building facade removal. (a) Before facade removal. (b) After facade removal.

Fig. 9. Specific types of pole-like object classification.

where
(λ3, λ2, λ1) represent the eigenvalues of the covariance

matrix, and λ3 ≥ λ2 ≥ λ1.
The criteria for nonpole-like object removal are as follows.
Height filtering: The relative height above ground (2) and

object height (3) are applied to remove floating objects and
short objects after point-scale segmentation.

Position filtering: The pole-like road objects are placed by
the roadside or on the road center island; hence, the relative
positions of objects are used to filter nonpole objects located on
the road lane, most of which are partially scanned vehicles. The
road centerline and roadside are calculated from trajectories and
facade detection in data preprocessing (Section II-A).

Shape filtering: Most pole-like objects are similar to linear
objects in the lower part. To remove some planar objects, such
as the wall of bus stand, we used Nλ.

Cross-section filtering: For pole-like objects, a horizontal
cross-section slice at breast height is thin and similar to a cir-
cular object. We combined the ER and area of cross-section in
nonpole-like object filtering. The cross sections between slices
should meet the criteria of circular thresholds. The concept is
similar to height percentile-based vertical pole detection [7],
but we adopted ER to distinguish between potential man-made
objects and tree objects. Because tree objects are more compli-
cated than man-made objects, these two categories use different

thresholds. For potential man-made objects, we must detect at
least three slices, but for the potential tree objects, only two
slices are needed to meet the threshold to be treated as pole-like
objects.

III. EXPERIMENTAL RESULTS

The experiment was conducted on Minquan Eastern Road,
Taipei City, Taiwan. A Riegl VMX-250 MLS was used for
data acquisition. This MLS system contains two perpendicu-
lar scanners and two opposite trajectories. The length of the
scanned area is about 3 km. This mission used a reference GPS
station within 10 km for differential GPS (DGPS). A position-
ing and orientation system (POS) determined the trajectory of
the MLS via the integration of DGPS, IMU, and DMI, with-
out ground control points. After preprocessing, the acquired
MLS data were partitioned into 47 road parts. The length of
each road part was 70 m along the road centerline, assuming
that the maximum number of road lanes was 6; consequently,
the initial width of each road part was 21 m (i.e., 6× 3.5m).
Moreover, preprocessing automatically detects and removes the
points of building facades in each road part (e.g., Fig. 8); most
of the significant building facades can be removed success-
fully. In addition, the columns of buildings on the ground floor
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TABLE II
PARAMETERS SETTING AND DESCRIPTIONS

TABLE III
POINT REDUCTION RATE USING IRREGULAR VOXEL STRATEGY

can also be deleted. The remaining points are used for extract-
ing pole-like objects. The example we used (Fig. 8) contains
nine different types of poles, and these pole-like road primitives
(Fig. 9) have specific parameters (Table II).

We used all data sets to evaluate the proposed method. To
compare different complexities, we selected two cases charac-
terized by different conditions, each with a length of 210 m. In
case 1, a bus lane was located in the middle of a road, a lane
reserved exclusively for buses in Taipei City; thus, the point
density of a bus lane was lower than that of other road lanes,
which may influence the data quality and completeness. In case
2, tree crowns of the dense growth of trees by the roadside
might overlap many of the man-made road objects. The vali-
dation process tested the performance of the proposed method
in the overlapped areas.

The experiments considered five different aspects in the vali-
dation procedure. 1) The performance of point reduction was
analyzed using the proposed irregular voxel strategy. 2) The
performance of the proposed coarse-to-fine framework was
evaluated. 3) The accuracy of the proposed method in extracting
pole-like objects on the road was evaluated. 4) The pole detec-
tion rates were compared for different point densities. 5) We
compare the proposed method and other single-scale methods.

A. Point Reduction Performance of Irregular Voxel Strategy

This study proposed an irregular voxel strategy to reduce
voxels without above-ground objects. Data reduction and pole-
like object detection were simultaneously conducted in irreg-
ular voxel strategy. With irregular voxel strategy, additional
ground-point filtering is not needed in data preprocessing,

which not only reduces the data volume for huge data sets,
but also improves the computational time and overcomes the
problem of ground points’ connections to on-ground objects.
We used two case studies to evaluate the point reduction per-
formance using irregular voxel strategy (Table III). About 20%
of voxels at the bottom layer were not connected to the other
voxel in the vertical direction; therefore, these voxels were
treated as ground voxels and removed in pole-like objects detec-
tion. Because the point density of ground voxels is higher than
above-ground voxels, the irregular voxel strategy significantly
reduced lidar points up to 64%. The process gradually removed
nonpole-like objects and reduced the computational efforts,
demonstrating the importance of the coarse-to-fine strategy.

B. Efficiency Performance of Proposed Coarse-to-Fine
Framework

The coarse-to-fine approach for extracting pole-like objects
uses only the proximity of points in the segmentation stage,
an approach designed to manage MLS data without ground-
point filtering. The major tasks in the proposed method included
the voxel-scale process, point-scale process, object extraction,
and object refinement. Because the efficiencies of single-
scale and coarse-to-fine frameworks are different, we used
two study cases to compare the computational times of these
two approaches in segmentation. In the implementation of
Euclidean clustering, the k–d tree data structure can be used
to accelerate the neighboring point search. Theoretically, the
time complexity of k–d tree generation is O (N log N),
the same time complexity of worst-case Euclidean clustering,
meaning that more input points (N) need more computational
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TABLE IV
COMPUTATIONAL TIME OF SINGLE-SCALE AND COARSE-TO-FINE

APPROACHES

time. Because the proposed coarse-to-fine approach provides
a multiscale framework, the operational efficiency might be
enhanced according to the time complexities analysis. For
example, the theoretical time complexity for 3 million points
is O (3× 106 × log (3× 106)). If we use the voxel structure to
divide these points into 300 voxels, the theoretical time com-
plexity for the divided point sets will be reduced to 300×
O (3× 104 × log (3× 104)). For the real data, we used a per-
sonal computer with a 3.2-GHz CPU and 16-GB Ram for both
cases 1 and 2 to evaluate efficiency. The results indicate that the
coarse-to-fine framework has better computational performance
than single scale (Table IV) for real data, with the efficien-
cies of cases 1 and 2 increasing by 21% and 18%, respectively.
With the additional object refinement, the nonpole voxels were
detected and the number of points required for point-scale seg-
mentation was reduced, therefore, significantly reducing the
computational time required by the coarse-to-fine framework.

C. Accuracy Assessment

The extraction of pole-like objects comprises three major
steps: 1) coarse-to-fine segmentation; 2) pole-like objects detec-
tion; and 3) extraction of pole-like objects’ parameters such as
location and radius. The accuracy assessment for these steps
first checks for detection rate of pole-like objects using correct-
ness, omission, and commission rates. Next, a ground survey
is applied to check the accuracy of location and radius of the
extracted poles. The percentage of correctness, omission, and
commission can be computed by (6), (7) and (8), respectively.
The omission errors indicate the number of missing pole-like
objects, and the commission errors consist of a portion of
nonpole-like objects being misclassified as pole-like objects

Correctness = True Positive/(True Positive + False Positive)
(6)

Omission = False Positive/(True Positive + False Positive)
(7)

Commission = False Negative/(True Positive + False Negative).
(8)

The results of pole-like object detection for cases 1 (Fig. 10)
and 2 (Fig. 11) were evaluated. For case 1, the original points
and segmented objects were compared [Fig. 10(a) colored
by height and (d) colored by segment] using the coarse-to-
fine approach, indicating that ground points can be removed
and pole-like objects can be isolated by the proposed method
[Fig. 10(d)]. We also enlarged a nonoverlapped area including
traffic lights, street lights, and a bus station at the road island
[Fig. 10(b)] and an overlapped area [Fig. 10(c) and (f)] before

and after detection to demonstrate that the proposed method is
able to remove the walls of bus station and isolated the poles
[Fig. 10(e)] in a complex environment. This test area also con-
tained several trees with connected tree crowns to demonstrate
that even in the overlapped areas [Fig. 10(c)], most overlapped
trees and poles can be detected from MLS data [Fig. 10(f)].

Case 2 is an area covered by a large number of trees and low
vegetation at the road island and along the roadside (Fig. 11).
A comparison of the original points and results of segmented
objects for case 2 [Fig. 11(a) colored by height and (d) colored
by segment] indicates that the trees on road island and roadside
can be appropriately segmented [Fig. 11(d)]. We also enlarged
the areas at roadside [Fig. 11(b)] and road island [Fig. 11(c)]
before and after detection [Fig. 11(e)] to demonstrate that one
side of the street and its attached structures can be extracted
successfully. The overlapped trees at the road island can also
be isolated [Fig. 11(f)]. These results demonstrate that the pro-
posed method is not only able to detect traffic poles, but also
vegetation at the road island.

In this study, we manually checked the accuracy assessments
of pole-like object detection after segmentation (Table V). For
the whole data set, the total number of pole-like objects in this
area was 1237 and the correctness reached 95%, and the omis-
sion and commission rates were <4.5%. Most of the missing
objects were caused by occlusion and insufficient point density.
For example, low-point density prevented the pole-like objects
from having the circular cross section. We also analyzed two
cases with different conditions. In case 1, the correctness was
97%, the omission error was 2.3%, and the commission error
was 7.6%. The commission error was larger than the omission
error because the proposed scheme removes objects that are
not strongly similar to pole-like objects. The remaining objects
are further interpreted in the detection stage. Most omission
errors are caused by low vegetation near the pole-like objects
[Fig. 12(a)]. We assumed that the cross section of pole-like
objects at breast height is similar to a circle; however, a few
of the pole-like objects were surrounded by low vegetation at
close to breast height. Most commission errors can be ascribed
to the effect of bus lanes [Fig. 12(b)]. In case 1, there are bus
lanes in the center of the roadway, and the MLS data shows
many buses in the bus lanes. Because the MLS is not allowed to
drive in the bus lane for data acquisition, the point clouds in the
bus lanes are incomplete and sparse, and therefore, a few bus
station columns were recognized as poles [Fig. 12(b)].

In case 2, the correctness was 96% and the omission and
commission errors were 3.7% and 4.5%, respectively (Table V).
The challenge for pole-like road object detection in this area
was the dense tree coverage by the roadside. For example, nine
street lights were detected using the proposed method, and the
correctness was 100%; however, eight of these detected streets
lights are overlapped by tree crowns, and the points of adjacent
tree crowns were extracted as well. There were four miss-
ing pole-like objects owing to the effect of banners and other
objects [Fig. 13(a)] because the lower parts of the banners and
trees overlapped; consequently, the shape of cross section was
not similar to a circle. Commission error was caused by the ban-
ners on the road islands [Fig. 13(b)]. As the synchronous image
shows, the flutter banner or the shelter caused the incomplete
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Fig. 10. Results of pole-like road object detection in case 1. (a) Original points colored by elevation. (b) Original points in nonoverlapped area. (c) Original points
in overlapped area. (d) Segmented objects colored by components. (e) Segmented objects in nonoverlapped area. (f) Segmented objects in overlapped area.

Fig. 11. Results of pole-like road object detection in case 2. (a) Original points colored by elevation. (b) Original points in nonoverlapped area. (c) Original point
in an area covered by trees and low vegetation. (d) Segmented objects colored by components. (e) Segmented objects in nonoverlapped area. (f) Segmented objects
in an area covered by trees and low vegetation.

shape of point clouds. Once the incomplete segments pass the
filtering strategies, they might be detected as pole-like objects.

In our experiment, most false positives were caused by
mixed objects, occlusion, and circular columns of bus stations.
Because of insufficient point density, different objects were
mixed together (e.g., lower part of one object and higher part
of another) and consequently misclassified as a pole object. To
avoid these false positives, one possible solution is to increase
the point density by providing views from additional MLS
strips from different directions. Higher point density is able to
remove false positives via the knowledge-based filtering.

The pole center and radius were calculated during the fea-
ture extraction in pole-like object detection and compared with
the in situ reference data, acquired by a total station in a tra-
verse survey. The poles located on the road traffic island are
not easily ground surveyed, and due to this in situ condition,
the total number of evaluated poles for both cases 1 and 2 was
97 (Table VI). In case 1, 13 well-defined man-made poles were
selected in the accuracy analysis. Mean errors of Δx and Δy
were 0.202 and 0.005 m, respectively, while the mean error of
Δradius was 0.039 m. Because the mean error along the X- axis
was about 0.2 m, we manually digitized the pole center from
MLS points to evaluate the results of automatic pole fitting,

resulting in a difference of <0.040 m. The manual and auto-
matic results show high consistency overall, and the 0.2 m error
might be caused by the MLS trajectory accuracy. Because two
overpass highways and high buildings are close to this area,
we also checked the positioning error of direct georeferenc-
ing using POS, and based on the available GPS signals, the
maximum standard trajectory errors in the x- and y-directions
were 0.217 and 0.129 m, respectively (Table VII). The precision
of direct georeferencing will dominate the positioning error
in error propagation, and moreover, the maximum planimetric
error of a mobile mapping system might range from centime-
ters to decimeters [31], [32]. The accuracy of pole extraction is
affected by the quality of a trajectory. In case 2, 12 extracted
poles were used for verification. Compared with the reference
data, the mean errors of Δx and Δy were <0.04 m while the
RMSE of Δx and Δy were >0.06 m, meaning that there is
no systematic error in case 2. For the pole radius, the mean
error and RMSE of Δ radius were 0.033 and 0.048 m, respec-
tively, meaning that the pole radius achieved an accuracy of
5 cm. For all evaluated poles, the mean errors were <0.04 m,
and the RMSE in x- and y-directions were 0.133 and 0.106 m,
respectively, an adequate accuracy for many road inventory
management applications.
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TABLE V
ACCURACY OF POLE-LIKE OBJECT DETECTION

Fig. 12. Incorrect objects in case 1. (a) Omission error due to low vegetation. (b) Commission due to bus station.

Fig. 13. Incorrect objects in case 2. (a) Omission error cases (colored by elevation). (b) Commission error case (colored by elevation).

D. Pole Detection Under Different Point Densities

To compare the pole detection performance under different
point densities, we evaluated the compression ratio, computa-
tional time, and correctness. To generate data with different
point densities, we selected case 1 and used a personal com-
puter with a 3.2-GHz CPU and 16-GB Ram to resample the
points through voxel-based simplification at 0.025, 0.05, 0.075,
and 0.10 m spacing in the voxel space. From the results, we
inferred that the data compression ratio increased from 46% to

88% for different spacing values (Table VIII), and the compu-
tational time of the resampled data was reduced significantly
from 41% to 79%. In addition, a comparison of correctness
in different data sets showed that the correctness was >95%
for 0.025, 0.05, and 0.075 m. The experimental results indi-
cate that a sampling resolution 0.025 m is sufficient for object
recognition using MLS data. Puttonen et al. [33] also found that
uniform sampling may reduce point cloud data while retaining
most of the information content of the full data set. Hence, to

Authorized licensed use limited to: National Chiao Tung Univ.. Downloaded on June 03,2021 at 09:31:28 UTC from IEEE Xplore.  Restrictions apply. 



4816 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 8, NO. 10, OCTOBER 2015

TABLE VI
ACCURACY OF POLE PARAMETERS

TABLE VII
PRECISION OF TRAJECTORY FROM POS

TABLE VIII
PERFORMANCE OF POLE DETECTION UNDER DIFFERENT SAMPLING RESOLUTION

TABLE IX
COMPARISON OF REGULAR AND IRREGULAR VOXELS

a certain degree, simplification of a huge data set may reduce
computational time and preserve accuracy.

E. Comparison of Proposed Method and Other Methods

This study also evaluated the accuracy between the pro-
posed method and other single-scale methods by comparing
1) regular voxel detection [20] with proposed irregular voxel
detection (Table IX) and 2) traditional pointwise segmenta-
tion with proposed coarse-to-fine segmentation (Table X). In
the comparison of regular voxel [20] and proposed irregular
voxel, the regular voxel scheme detects and refines the pole-like
objects using regular voxels with a cell size of 0.1 m [20]. The
proposed method included irregular voxel segmentation and
refined the result in point scale. The advantage of the proposed
irregular voxel is the ability to remove the ground patches in the
bottom layer and merge the voxels to form a pole’s structure in
the top layer. The initial pole-like objects from regular voxels

were mixed with different objects; consequently, the refinement
stage excluded the objects not similar to a pole. The omission
rate for regular voxels is, therefore, higher than the proposed
irregular voxels.

In the comparison of traditional single-scale segmentation
and proposed coarse-to-fine segmentation, because the over-
lapped object segmentation is able to separate the mixed
objects, both single-scale and coarse-to-fine methods provide
the same correctness after the overlapped object segmenta-
tion and pole-like road objects detection; however, coarse-to-
fine is more time efficient than point-scale only. In addition,
single scale produces more mixed objects (under segmenta-
tion object) than the coarse-to-fine approach, and therefore,
coarse-to-fine not only improves the computational time, but
also avoids under-segmentation. Notices that the mixed-objects
can be separated by overlapped object segmentation method
(Section II-B3).
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TABLE X
COMPARISON OF TRADITIONAL POINT-WISE DETECTION AND COARSE-TO-FINE DETECTION

IV. CONCLUSION

This study presented a coarse-to-fine detection for road
object extraction that automatically detects pole-like objects
from MLS data. The major tasks include data preprocessing,
coarse-to-fine segmentation, and pole-like object detection. In
addition, MLS trajectories were adopted in this study to provide
useful information for a road environment. The proposed seg-
mentation and detection scheme involved coarse-to-fine frame-
works designed to separate the on-ground pole-like objects
connected by ground points. An irregular voxel size scheme
was proposed to extract candidate segments without ground
patch. The point-scale approach was then used to detect pole-
like objects with precision. In the proposed algorithm, only
points in close proximity were used for segmentation, and addi-
tional attributes of points were not needed. In addition, the
proposed coarse-to-fine process does not require the removal
of ground points before segmentation, and the computing com-
plexities are reduced. The experimental results indicate that the
proposed coarse-to-fine frameworks of pole-like object detec-
tion are more efficient than the method without the voxel-scale
process. The pole detection accuracy was >90%, indicating that
the proposed method is reliable for detecting poles from MLS
data. The omission error was mainly caused by low vegetation
and banners, and the commission error was mainly caused by
the complex environment of the road area (e.g., bus stations
and moving objects). In future works, additional object features
should be used in the segmentation and/or classification stage
to enhance correctness and improve detection performance in
the overlapped areas [4], [34].
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