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Abstract—In this paper, we propose a novel DBSCAN
method for 3D object segmentation that considers point cloud
density based on lidar range and scanning order of laser
beams. Point clouds obtained by a lidar are dense at short
ranges and sparse at long ranges. Furthermore, point clouds
obtained by the lidar are organized in the scanning order of
each beam. However, conventional DBSCAN has issues that its
parameters are fixed and cannot adapt to density variation of
point clouds, and that the computational costs for neighbor-
hood search are high, resulting in significant processing time.
Therefore, in the proposed method, parameters are adjusted
according to lidar ranges to accommodate density differences.
Furthermore, executing neighborhood search within only a
specific beam scanning area reduces computational costs and
shortens processing time. We conducted experiments in multiple
environments to verify the effectiveness of the proposed method.
By automatically determining parameters based on the point
cloud density, the proposed method demonstrated that both
nearby and distant objects can be correctly segmented. Addi-
tionally, our method demonstrated that processing time can be
reduced by executing neighborhood search within only a specific
scanning area of the beams. As described above, the proposed
method achieves adaptive and high-speed object segmentation
by considering both the differences in point cloud density due
to lidar ranges and the beam scanning order.

I. INTRODUCTION

Point cloud data obtained by light detection and ranging
(lidar) is used in a wide range of fields, including robot
environment recognition. One of the methods for processing
point cloud data is 3D object segmentation.

Fig. 1 shows the concept of object segmentation for 3D
point clouds. Object segmentation allows 3D point clouds
to be separated by objects, such as pedestrians or trees. 3D
point clouds separated by objects are useful for robot path
planning and trajectory prediction of moving obstacles.

DBSCAN [1] is a typical object segmentation method for
3D point clouds and is a density-based algorithm. It treats
high-density point clouds as segments and low-density point
clouds as noise. Two parameters are used for DBSCAN
object segmentation: eps [m] and min_points [num.]. Eps is
a neighborhood distance of a query point, and min_points
is a minimum number of neighborhood points required for
a query point to form a segment. When performing object
segmentation, these parameters are fixed for the entire point
cloud.
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(a) 3D Lidar Point Cloud

Fig. 1. Concept of object segmentation for 3D point clouds. Measured
lidar point clouds are not segmented. Segmentation divides point clouds
into each object.

(b) Object Segmentation

One problem with using DBSCAN on point clouds ob-
tained by a lidar is that the optimal parameters are different
for nearby and distant objects. Point clouds obtained by the
lidar have the characteristics that the point clouds are dense at
short ranges and sparse at long ranges. Therefore, parameters
adapted to nearby objects make the object segmentation of
distant objects difficult, and parameters adapted to distant
objects make the object segmentation of nearby objects
difficult.

DBSCAN also has another problem of high computational
costs. DBSCAN executes neighborhood search for query
points by searching all points. Therefore, the search is
executed even for points distant from the query point. As
a result, unnecessary search is executed, which increases the
computational costs.

In this paper, we propose Range DBSCAN, a novel
method that achieves correct object segmentation regardless
of the range of point clouds obtained by the lidar. By
automatically determining the neighborhood point distance
threshold eps based on the lidar measurement range, it can
handle density variation of point clouds. Furthermore, to
reduce computational costs, neighborhood search is executed
only within a specific beam scanning area of the lidar.

The contributions of this paper are as follows:

o By automatically determining the DBSCAN threshold
eps based on the lidar range, adaptive object segmenta-
tion is achieved that deals with density variation of 3D
point clouds.

« By executing neighborhood search only within the point
cloud of the specific beam scanning area of the lidar,
computational costs are reduced to realize high-speed
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Fig. 2. DBSCAN performs segmentation by classifying each point into
core points, border points, and noise points.

processing.

o Experiments show that the proposed method accurately
performs object segmentation at various ranges and that
processing time is reduced.

II. RELATED WORK
A. Object Segmentation and Detection

Examples of major methods for object segmentation in
3D point clouds include k-means [2], k-means++ [3], and
X-means [4]. k-means performs object segmentation by up-
dating centroids, which are randomly placed segment centers.
k-means++ is a method for efficiently placing initial positions
of centroids. k-means and k-means++ require the number
of segments to be predetermined. Whereas X-means is an
object segmentation method that automatically determines
the number of segments. However, these methods have
difficulty with non-spherical object segmentation.

In the Euclidean object segmentation implemented in PCL
[5], the point clouds are compared using the Euclidean
distance. However, since the density of the point cloud is
not considered, the segment is extended whenever even one
neighborhood point exists near a query point. This means it
is less able to deal with noise compared to DBSCAN.

Methods for object detection based on machine learning
have also been proposed, including PointNet [6], PointNet++
[7], PointPillars [8], CenterPoint [9], CenterFormer [10],
Point Transformer V3 [11]. These methods require pre-
training on target objects to be recognized. In contrast, the
proposed method can be used to segment any object and does
not require any pre-training.

B. DBSCAN

Fig. 2 shows the points used for DBSCAN [1]. DBSCAN
is a density-based object segmentation method. Three types
of points are used for object segmentation: core points,
border points, and noise points. Core points are points that
have at least min_points neighborhood points in eps. Border
points are points included in the neighborhood of core points,
but whose own neighborhood contains less than min_points
points. Noise points are points other than core and border
points.

Fig. 3 shows the pipeline of DBSCAN processing. The fol-
lowing steps are used for object segmentation. First, a point

is selected and set as the query point. Then, neighborhood
search is executed on an entire point cloud. Points whose
distance from the query point is less than eps are considered
as neighborhood points. If the number of neighborhood
points is greater than min_points, it is assumed to be a core
point, and neighborhood points are included in the same
segment. These neighborhood points are again selected as
query points, and neighborhood search is executed to expand
a segment. Even if the number of neighborhood points is
fewer than min_points, points included in the neighborhood
of core points are treated as border points and added to the
same segment. Points that do not fall into either category are
treated as noise points.

DBSCAN parameters must be set manually. The appro-
priate parameters depend on the density of point clouds.

C. Improvements of DBSCAN

Wang’s method [12] estimates appropriate parameters for
DBSCAN based on the overall shape of the point cloud.
Calculate Dy, which is the maximum distance of k nearest
neighbors for all points, and obtain the curve plotted by Dy.
The boundary between dense segment areas and sparse noise
areas is estimated from changes in the slope of the curve, and
the optimal eps is determined. By estimating parameters in
this way, it is possible to automatically determine DBSCAN
parameters after statistically examining the overall structure
of the point cloud. However, since eps is calculated using the
same value for all points, it is difficult to perform correct
object segmentation on point clouds with uneven density,
such as a point cloud obtained by the lidar.

In Yabroudi’s method [13], point clouds obtained by the
lidar are divided into cells by area, and parameters are
estimated for each cell. Specifically, it removes background
elements such as walls and floors from the obtained point
cloud, then divides it horizontally and vertically to assign
it to cells. Evaluate the point cloud density for each cell,
and then adaptively estimate eps and min_points. When
processing DBSCAN, object segmentation is performed by
setting parameters for each cell. This enables adaptation to
density differences caused by the range of the lidar. However,
there is the problem that parameters must be calculated for
each cell, making the process complicated.

III. DBSCAN CONSIDERING DENSITY VARIATION
AND SCANNING ORDER OF POINT CLOUDS

A. Overview

Fig. 4 shows the processing pipeline of the proposed
method, Range DBSCAN. By adjusting eps for each query
point, it is possible to execute neighborhood search while
accounting for local density differences. In addition, neigh-
borhood search is executed only on the point cloud within a
specific beam scanning area, not on the entire point cloud.
By executing neighborhood search only within the scanning
area of the specified beams, it is possible to omit search
for points distant from the query point. As a result, it is
possible to reduce the amount of computation required for
neighborhood search.
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Fig. 4. Pipeline of Range DBSCAN (ours). Segmentation parameters are determined based on the range of each point. Neighborhood search is executed

only within the specific area.

eps2

Fig. 5. Range DBSCAN automatically adjusts the threshold eps based on
the measurement range of the lidar.

B. Threshold Determination based on Range

In the proposed Range DBSCAN method, the eps used
for neighborhood search is adjusted based on the measured
range of each query point. Set an eps to a small value for
areas with small ranges and high point cloud density, and set
an eps to a large value for areas with large ranges and low
point cloud density. As a result, changes in density caused
by differences in range can be accounted for. This allows for
the proper object segmentation of point clouds, both nearby
and distant from the lidar.

Fig. 5 shows how to determine the threshold eps used in
the proposed Range DBSCAN method. The calculation of
an eps is based on the relationship between the central angle
and the arc length of a sector.

A range from the lidar to a query point is range [m], a
central angle is epsy [rad], and a constant is epsy,, [m]. An
eps is calculated using Eq. (1).

eps = range X epsy + €PSp,ee (1)

Here, a central angle eps, and a constant eps,,,. are param-
eters.

C. Neighborhood Search in Specific Area

Fig. 6 shows the concept of neighborhood search within
only the scanning area of the specific beams. In the pro-
posed Range DBSCAN method, neighborhood search is only
executed on points obtained from beams within a specific
scanning area of the beams that obtained the query point. A
point cloud obtained by the lidar is organized in the order of
beam scanning in angular space. It is possible to reduce the

Neighborhood Search Area
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=
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Fig. 6. Neighborhood search of Range DBSCAN is executed only within
the specific area based on the query point.

amount of computational costs by performing search only
within a specific scanning area and omitting neighborhood
search distant from the query point.

Using eps, used in the eps calculatin and the coefficient
«, the search area 0., [rad] is determined from Eq. (2).

Oarea = ¢ X €PSy 2)
Here, the coefficient « is a parameter.

IV. EXPERIMENTS

A. Experiment Conditions

Experiments were conducted at two locations: Meiji Uni-
versity and Tsukuba park. At Meiji University, data collec-
tion was performed using a stationary robot. Meanwhile,
at Tsukuba park, the robot acquired data while moving.
We obtained point cloud data from the 3D lidar in each
environment. Then, we compared object segmentation results
and processing time of Range DBSCAN with those of
conventional DBSCAN.

Velodyne VLP-32C was used for the 3D lidar. The number
of laser channel was 32, acquiring 57,600 points per scan.
The scan was 10 Hz. When performing object segmentation,
ground point clouds were removed using a height threshold.

We used the conventional DBSCAN implemented in
Open3D [14] [15]. DBSCAN neighborhood search in
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Open3D utilizes KD-Trees of nanoflann [16] for radius
search.

We set the value for min_points, one of DBSCAN param-
eters, to 4. This is because the original DBSCAN [1] showed
that the optimal value for min_points is 4, and increasing this
value beyond 4 has no significant effect on performance.

Parameters used in Range DBSCAN were eps, = 0.03
rad, epsy, =0.5m, a = 1.3. These values were determined
experimentally.

B. Object Segmentation

Fig. 7 shows the object segmentation results at Meiji
University. Fig. 7 (a) shows an aerial photograph of the
experimental environment, Fig. 7 (b) shows the result of
Range DBSCAN (ours), Fig. 7 (c) shows the result of
DBSCAN (conventional method) with eps = 0.5 m, and Fig.
7 (d) shows the result of DBSCAN (conventional method)
with eps = 1.5 m.

Fig. 7 (b) indicates that Range DBSCAN correctly seg-
mented objects, including pedestrians and cars near the lidar
as well as trees far from the lidar. Fig. 7 (c) indicates
that, when using DBSCAN, pedestrians and cars near the
lidar were correctly segmented as objects when the eps
value was small. However, trees far from the lidar were
not correctly segmented as objects. Fig. 7 (d) indicates
that, in DBACAN, pedestrians and cars near the lidar were
incorrectly segmented as a single object when the eps value
was large. In contrast, trees far from the lidar were correctly
segmented.

Fig. 8 shows the object segmentation results at Tsukuba
park. Fig. 8 (a) shows an aerial photograph of the experi-
mental environment, Fig. 8 (b) shows the result of Range
DBSCAN (ours), Fig. 8 (c) shows the result of DBSCAN
(conventional method) with eps = 0.5 m, and Fig. 8 (d) shows
the result of DBSCAN (conventional method) with eps = 1.5
m.

Fig. 8 indicates that, unlike DBSCAN, Range DBSCAN
can correctly segment both nearby and distant objects, similar
to Fig. 7. These experimental results showed that Range
DBSCAN can perform more adaptive object segmentation
than DBSCAN by considering the density variation of point
clouds according to the measured range.

C. Processing Time

Fig. 9 shows the processing time for object segmentation
using DBSCAN and Range DBSCAN at Meiji University,
and Fig. 10 shows those at Tsukuba park. The average
number of processed point clouds in the experiment at Meiji
University was 46,580, while at Tsukuba park it was 41,867.
In this experiment, the parameter eps = 1.0 m was used for
DBSCAN.

In each environment, the processing time was measured
10 times, and the average was calculated. Data processing
was performed using a PC equipped with CPU: Intel Core
i9 10850K 3.60 GHz and RAM: 64 GB.

Fig. 9 indicates that in experiments conducted at Meiji
University, the processing time for DBSCAN without paral-
lelization was 486 ms, the processing time for DBSCAN
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Fig. 7. Object segmentation results of experiments at Meiji University.
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Fig. 8. Object segmentation results of experiments at Tsukuba park.
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Fig. 10. Processing time of experiments at Tsukuba park.

with parallelization was 262 ms, the processing time for
Range DBSCAN without parallelization was 108 ms, and
the processing time for Range DBSCAN with parallelization
was 53 ms. At Meiji University, the processing time for the
parallelized Range DBSCAN was reduced by approximately
89% compared to the non-parallelized DBSCAN.

Fig. 10 indicates that in experiments conducted at Tsukuba
park, the processing time for DBSCAN without paral-
lelization was 594 ms, the processing time for DBSCAN
with parallelization was 319 ms, the processing time for
Range DBSCAN without parallelization was 76 ms, and
the processing time for Range DBSCAN with parallelization
was 30 ms. At Tsukuba park, the processing time for the
parallelized Range DBSCAN was reduced by approximately
95% compared to the non-parallelized DBSCAN.

V. CONCLUSION

In this paper, we proposed Range DBSCAN, a novel
method that achieves correct object segmentation regardless
of the range of point clouds obtained by the lidar. By
automatically determining the neighborhood point distance
threshold eps based on the lidar measurement range, it
could handle density variation of point clouds. Furthermore,
to reduce computational costs, neighborhood search was
executed only within a specific beam scanning area of the
lidar.

Experiments have demonstrated that the proposed method
can deal with density variation of 3D point clouds, enabling
adaptive object segmentation at various ranges. In addition,
we demonstrated that by executing neighborhood search
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within only a specific beam scanning area, computational
costs can be reduced and the processing time for object
segmentation can be shortened.

In the future, we plan to develop a system capable of
performing object segmentation that can handle more com-
plex environmental shapes and to perform research applying
this technology to tasks such as predicting the trajectories of
moving obstacles.
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