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Abstract—In this work, a solution for clustering and tracking
obstacles in the area covered by a LIDAR sensor is presented.
It is based on a combination of simple artiﬁcial intelligence
techniques and it is conceived as an initial version of a detection
and tracking system for objects of any shape that an autonomous vehicle might ﬁnd in its surroundings. The proposed
solution divides the problem into three consecutive phases: 1)
segmentation, 2) fragmentation detection and clustering and 3)
tracking. The work done has been tested with real world LIDAR
scan samples taken from an instrumented vehicle.

The LIDAR is located in the front of the vehicle it covers
a distance range of 32 meters, its angular range is 180
degrees and provides an angular resolution of 0.5 degrees.
In order to test the implementation photos from two cameras
and LIDAR measurements have been taken simultaneously.
These samples have been used for the visual analysis and
validation of the proposed method. The LIDAR and the
cameras are shown in Figure 1
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I. I NTRODUCTION
Intelligent Transportation Systems (ITS) is the research
area that aims to develop solutions for problems derived
from the use of vehicles in different environments (e.g.
reduce the energy consumption [1], prevent accidents, traffic jams avoidance [2], [3] [4]). To meet these purposes,
ITS integrates information and communication technologies
into vehicles and infrastructures [5]. The research group
AUTOPÍA contributions are focused on the development of
optimal solutions for these transportation challenges and the
subsequent [6].
The technology described here is oriented to avoid collisions between the vehicle and obstacles that may appear
in the vehicle’s motion path. Specifically, a LIDAR based
perception system for an autonomous vehicle that provides
detection and tracking for objects of any shape is presented.
Traditionally, works in the field focus on the detection
of known obstacles (e.g. vehicles or pedestrians) and they
reduce the implementation complexity by assuming specific
features about the objects in the scene. In this research it
is intended to cover all possible obstacles independently of
their shape or motion patterns in long term. As no feature
is initially expected, the problem complexity is increased as
well as the robustness of the solution.
Technically the problem consists in clustering the LIDAR
measures (point cloud) into obstacle perceptions and perform
a tracking of these in time, the generated information will be
sent to the vehicle’s autonomous driving system in order to
enrich its knowledge about the environment. The information sources to be processed are the LIDAR measurements
and the longitudinal and lateral speeds of the vehicle.
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Figure 1. LIDAR assembled on the front of the vehicle. The two web
cams over the LIDAR are used for analyzing the efficiency of the solution
making use of a visual reference.

The article is structured as follows. In Section II a
description of the most common ways to handle this problem
and a review of works found in the literature is presented.
In Section III the problem is formally described defining the different components and its relations. Section IV
explains the details of the designed solution, specifying
the implemented methods for segmentation, fragmentation
detection and clustering and tracking. Section V presents the
experimentation done with the aim of testing the suitability
of the implemented method. Finally, Section VI presents the
conclusions, possible improvements and future work in this
research line.
II. S TATE OF THE ART
Traditionally, three separated processing stages are identified in LIDAR based obstacle detection algorithms: 1)
segmentation, which consist on grouping measured values,
in order to obtain independent clusters corresponding to
each detected object. 2) fragmentation detection and clustering, consists in the construction of objects starting from
the segments obtained in the previous step. To solve this
problem, it is usual to take into account certain shape
properties of the objects expected to be found. 3) tracking,
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consists in identifying the obstacles in time, this temporal
information might be useful to anticipate situations. Other
stages usually considered in literature about LIDAR based
perception systems are objects classiﬁcation and motion
prediction.
For the segmentation phase one traditional solution consists in clustering the measured points when the distance
between them is smaller than a certain threshold. Some
characteristics considered when defining this threshold are
the distance to the obstacle, its inclination, the LIDAR
angular resolution and the ego velocity [7], [8], [9], [10].
The Ramer-Douglas-Peucker algorithm is often used to
substitute sets of points by lines. This algorithm is either
applied to obtain one unique composition of lines from all
the measured points [11] or to the groups obtained from
a distance based clustering (segments) [9]. The application
of the Ramer-Douglas-Peucker algorithm reduces the point
cloud to a set of lines, whose number is dependent of the
shape of the objects, the number of points and the maximum
allowed distance between the received measures and the
resulting lines.
To construct the objects starting from segments, different
approaches are followed. One possible solution is based on
the assumption that each pair of component segments will
share a vertex and meet certain shape rules [11]. There is a
general tendency to focus on recognizing ’L’ shaped, (e.g.
Cars ), ’I’ shaped (e.g. Walls ) and ’O’ or ’O O’ shaped (e.g.
Pedestrians) objects and to expect some physical features
(i.e. size, opacity, shape and convexity) [7], [9], [10] but this
task can also be done by obtaining such geometric features
of the objects straight from the measured distances [12].
A crucial problem to solve in this stage is the detection
of occlusions. Again, expect certain obstacle features is a
common tendency to overcome this problem [7], [10].
Traditional tracking solutions use Kalman filters [13] or
particle filters [8] to predict the position of the perceived
objects. Another recent solution is based on a global occupancy grid that is updated via LIDAR samplings. The
differences between the sampling and the occupancy grid
indicate moving objects [14].
III. P ROBLEM D ESCRIPTION
The objective is to perceive and track the obstacles in the
scene from the LIDAR sensor measures. In this work the
problem’s complexity is reduced to the case where the ego
speed of the vehicle is 0. On the other hand, the perceived
objects come from real world samples and its movement is
random.
The LIDAR used in this study supplies 361 measures
corresponding to a range from 0 to 180 degrees with an
angular resolution of 0.5 degrees. Thus, at each sampling
t, the LIDAR provides an array of distance measures, D(t),
each of whose values, di (t), indicates the distance to the
first obstacle in the correspondent angle. D(t) is ordered by

angle (e.g. angle 30.5 corresponds to d62 ). The LIDAR scan
at time t is stated in the following manner:
D(t) = {di (t)} ∀ i ∈ [1, 361]

(1)

At each time step, a set of objects, O(t), is perceived.
This is formally stated as follows:
O(t) = {oi (t)} ∀ i ∈ [1, n]

(2)

where n is the number of objects in the scene. Each one of
the perceived objects at sampling t, oi (t), is formed by a set
of distance measures or point cloud:


oi (t) = d j (t) ∀ j ∈ [1, mi ]

(3)

where mi is the number of points or distance measures that
are perceived by the LIDAR that belong to the object oi at
sampling t.
One object perceived during sequential samplings must be
identified as one same object oi (i.e. there must exist a correspondence of objects in time) even when its set of distances
measures varies. Thus, the distance measures that compose
one object are time-dependent. This correspondence between
objects and time is performed by the tracking algorithm.
Finally, it is assumed that the relative speed of the
obstacles perceived is not large compared to the LIDAR
sampling rate. Due to physical constraints, if this would
happen it would be impossible to track them.
Thus, summarizing the problem, it consists in determining
the set of objects, O, from the measures delivered by the
LIDAR, D at each sampling t.
IV. P ROPOSED M ETHOD
The problem has been divided into three sequential
phases: 1) Segmentation, 2) fragmentation detection and
clustering and 3) tracking.
Previous to the first phase, an initial filter is applied to
the measures obtained from the LIDAR which consists in
the removal of distance measures equal to the maximum
range. Note that a LIDAR measure is maximum when no
object is found in the correspondent angle or in case that
the measure is wrong due to reflectivity problems. Thus,
this initial process allows the reduction of the data to be
processed and the removal of wrong and irrelevant measures.
A. Segmentation
A segment is a cluster of measures that ideally belong to
one unique object, thus the process of segmentation consists
in detecting which measures belong to the same object
and clustering them into its correspondent set. In an ideal
implementation, each segment would correspond to part of
one object or even contain all the measures from one unique
object.
The most challenging difficulty is to avoid constructing
segments from measures of various obstacles when the
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distance between them is small because it is very difficult
to detect that they are not measures from the same object.
For the segmentation a distance-based approach has been
attempted: If two measures are closer than certain threshold
θ then they are clustered into the same segment. The
threshold value depends on the distance to the object. From
the formula 4 described in previous works [10]:
θ = s0 + s1 · d(t) + s2 · v(t)

(4)

The following formula has been implemented:
θ = s0 + s1 · d(t)

(5)

Where the only difference is that the second parameter,
v(t) (i.e. the ego-vehicle velocity) is not taken into account.
The decision of not taking this parameter into account for
the segmentation is based on [7], where a study on the
importance of this parameter shows that it is irrelevant for
the segmentation.
In equation 5 two parameters must be adjusted. The first
one (s0 ) establishes the minimum distance in which two
points are joined without considering any other parameter.
The parameter (s1 ) establishes the degree of dependence
between the threshold size and the distance to the object.
The larger s1 is, the more the threshold grows according to
the distance.
B. fragmentation detection and clustering
There are cases where from an obstacle more than one
segment are generated. The most common case happens due
to the occlusion of part of the object (i.e. one object is in the
path between a wider object and the LIDAR). A second case
of fragmentation occurs when the detected obstacle’s surface
orientation is very oblique to LIDAR beams. Thus, two
consecutive beams contact the surface with large distances.
The second part of the process consists in detecting these
situations and joining the various segments which belong to
each object. In this work, the problem has been limited to
cases of occlusion of ’L’ shaped (e.g. Cars) and ’I’ shaped
(e.g. Walls) objects.
The algorithm analyzes each segment to determine in first
place if it is ’L’, ’I’ shaped or other. After this, a search for
segments susceptible to be joined is performed where some
physical conditions (explained below) are studied. For each
pair of segments that meet the physical requirements, some
mathematical conditions are analyzed. When mathematical
conditions verify, the segments are joined into a unique
cluster. This whole process is repeated with the resulting
sets until no new possible unions are detected.
The Ramer-Douglas-Peucker algorithm [15] is applied to
each segment in order to find out whether the points can
be approximated to one or two lines whose distance to the
points is lower than a preset value. If so, the segment is
considered ’L’ or ’I’ shaped.
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As result of applying the Ramer-Douglas-Peucker Algorithm a set of lines for each segment is obtained. This lines
will be named component lines from here on.
The physical conditions that are considered necessary for
two segments to be susceptible of belonging to a same
object are the non-transparency (i.e. no segment is located
in further distance between them) and the ’L’ or ’I’ shape
condition (i.e. once joined the resulting set is ’L’ or ’I’
shaped).
In other works, features such as size or convexity impose
certain restrictions to the possible unions as these studies
are centered on the perception of vehicles and people [7].
In this work these other restrictions are not applied as the
objective is to develop a system able to detect objects of any
shape.
The final mathematical analysis that identifies two ’L’ or
’I’ shaped segments as part of a same object consists in the
following steps: 1) Obtaining the model of the component
line from the first segment that is closest to the second
segment. 2) Use this model to describe the component line
of the second segment that is closest to the first segment.
3) If the model describes the component line within certain
confidence then it is assumed that the two segments belong
to the same object.
C. Tracking
In every sampling, the positions and an identifier of each
perceived object are stored so that in the next sampling these
can be associated to the current objects in case they are
recognized as the same. Thus, the inputs to the tracking
process are the positions of the objects identified in the
current sampling, the ones kept from the previous sampling
and the identifiers from the objects in the previous sampling.
The tracking process consists in calculating the distance
matrix from points of each object with the points of the
objects in the previous scene. If the closest distance is less
than a threshold, maxmove , then that object of the previous
scene is considered candidate of being the studied one in
the current. The following formula has being used to assign
a valid value to maxmove :
maxmove = Vomax · Sr

(6)

Where Sr is the LIDAR sensor sampling rate and Vomax
the maximum relative velocity of the obstacles to be traced.
Once all the candidates for each point are found, the
most repeated candidate is assigned. This way an object
that appears in a sequence of scenes can be identified in
consecutive samplings. Either static or moving objects can
be tracked with this algorithm as long as its velocity relative
to the ego-vehicle is not great compared to the LIDAR
sampling rate, i.e. the detected objects don’t move much
between two consecutive LIDAR scans. Thus, the higher
the LIDAR sampling rate is, the more feasible the tracking
process is.
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To avoid classifying various objects as one because they
were previously perceived as one but are currently separated
(e.g. pedestrian walking out from vehicle), each object of
the previous scene can only be assigned to one in the actual
scene and new objects are to be created.
V. E XPERIMENTATION AND R ESULTS
For testing the implementation sequences of synchronized
LIDAR measurements and photos in different situations
have been taken. With the aid of the photos it is easier to
analyze the captured LIDAR data and validate the results.
The angular range covered by the two cameras used is
smaller than 140 degrees. Thus, not all the range covered
by the LIDAR is covered in the photos.
The testing samples were taken at the AUTOPIA’s road
facilities where a large variety of objects are found (e.g.
Vehicles, trees, people). The recorded scenes correspond to
situations where the obstacles are moving or static (e.g. a
stopped bus and pedestrians are walking nearby).
To establish the values of s0 and s1 an analysis of the
distance between LIDAR beams depending on the distance
to the origin and the orientation of the obstacle has been
done. The intention is to adjust the threshold of the segmentation to the distance between measures. This last distance
is dependent on the orientation and distance to the LIDAR.
In the cases were the incidence angle between the LIDAR
beam and the obstacle is near 0◦ or 180◦ the distance
between consecutive beam measures grows exponentially.
The decision adopted has been to cover an orientation range
from 10◦ to 170◦ degrees. The best values to adjust the
formula were found to be s0 = 0.01 and s1 = 0.05. Figure 2
explains the cases covered by these values.

Figure 2. The cases where the segmentation threshold is bigger than the
distance between beams are those in which the red surface is over the blue
surface.

In Figure 3 an example of segmentation is presented. In
this specific case a bus is located near a building, trees
and bushes appear also in the scene. The best possible
solution consists in obtaining segments each one belonging
to one unique object and generate the minimum number

of segments (i.e. minimize fragmentation). Figure 3 can be
considered a successful segmentation as the bus, the nearby
tree and the wall on the left are correctly segmented. It is
worth to mention that the further bushes are not segmented
as part of the wall despite being close. Furthermore, the
fragments produced from the wall 20, 21, 22 seem easy to
detect and put together in the sequel fragmentation detection
and clustering process. Only the tree on the right which is
fragmented in two segments (11 and 12) won’t be joined as
one unique object in the sequel stages.

Figure 3. In (top) the scene under analysis. In (bottom) the representation
of the obtained measures and segments once done the initial filter and
segmentation. The gray area indicates the range approximately not covered
by the (top) picture.

During experimentation it has been noticed that the single
threshold method explained in Equation 5 for clustering is
not robust enough because when objects are closer than a
limit they get segmented together (e.g. a pedestrian walking
near a car). The problem of incorrectly joining close objects
can be optimized by reducing the value of the constant s1 but
the number of fragments increases. Thus, the sequel process
of clustering becomes more complex.
In Figure 4 the segmentation of the bus is wrong as two
pedestrians situated at the front of it are joined in a same
segment with the bus. In the second picture the value for
s1 has been reduced and the segmentation produces better
results at the front of the bus. As drawback, note that the
side of the bus is fragmented because the angle of incidence
between the LIDAR beams and the obstacle’s surface is
small and the distance between consecutive measures is too
large for the current segmentation threshold.
The second phase of the process consists in the detection
and union of fragments of the same obstacles. Figure 5
presents an occlusion case that produces fragmentation. The
result of applying the implemented solution is shown in the
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Figure 4. (Top) Scene correspondent to the segmentation below. The gray
area represents the area not covered by the cameras. (Middle) Segmentation
with s1 = 60. (Bottom) Segmentation with s1 = 10

bottom picture of Figure 5. Segmentation process divided
the bus into 4 components due to the occlusion caused by
the pedestrians. The implemented algorithm explained in the
subsection IV-B detects this situation and joins the segments
generating a unique cluster for the obstacle.
The tracking, as explained above, consists in keeping the
perceived objects identified in consecutive samplings. In
Figure 6 the tracking of a sequence of samplings where two
pedestrians walk getting closer to a bus is shown. In it, either
the moving pedestrians (i.e. objects 2 and 3) and the static
bus (i.e. object 1) are correctly tracked by the algorithm.
The other objects (bushes and trees) in the scene are static
and correctly tracked too.
VI. C ONCLUSIONS AND FUTURE WORKS
As a general conclusion a robust platform for implementing a perception system for ground vehicles using a LIDAR
sensor and two cameras has been designed. With this platform it has been possible to test different implementations
and check the results with real world scenes. Further work
is required to obtain an optimal implementation but several
problems have been faced and solved in the current work.
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Figure 5. (Top) Scene correspondent to the segmentation below. (Middle)
The gray area represents the area not covered by the cameras. (Bottom)
The resulting joint objects. The red circles surround segments that have
been joint.

The segmentation using a formula based on the distance
to the obstacle shows good results since each generated
segment belongs to one unique object, except in the case
where two objects are closer than the segmentation threshold. To solve this particular problem, a movement detection
algorithm that will detect the objects motion even when they
come near between them should be developed. The data to
determine the movement could come from subtracting the
actual scene LIDAR measures to the previous ones. The
moving objects will appear as peaks in the resulting data,
giving hints on the vertical and horizontal movement of
objects in the scene.
The minimum distance problem in the segmentation process is not considered crucial as it is proportional to the
distance to the LIDAR so that the closer the objects are to
the LIDAR, the smaller this segmentation distance is. Thus,
the accuracy is increased. As the wrongly formed segments
are part of distant obstacles, the risk of collision is small. In
case they come closer, the accuracy increases and the scene
perception is automatically updated.
The Ramer-Douglas-Peucker algorithm for detecting the
occlusion on I and L shaped obstacles has been tested,
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