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Abstract—This paper describes an autonomous vehicle navigation system based on Velodyne LIDAR. The system mainly
focusing on an autonomy at the car park, and it includes
following functions, 1) odometory correction, 2) 3D map building,
3) localization, 4) detecting human trajectories as well as static
obstacles, 5) path planning, and 6) vehicle control to a given
trajectory. All those functions are developed on ROS. Car park
of 70x50[m] area is used for experiment and results are shown.

I.

INTRODUCTION

Research and development of autonomous functions for
a road vehicle becomes increasingly active in recent years.
DARPA grand challenge [1, 2] and urban challenge [3, 4]
widely opened this field. Currently Google self-driving car is
running in public load over hundred thousand miles.

Fig. 1.

Vehicle with LIDAR on roof

One particular difficulty for autonomous vehicle navigation
is, it needs to be concious with not only static environment,
but with others who are also moving around. So, detection and
tracking function of others are needed.
In this paper, we are studying an autonomy at car park in
urban environment where GPS signal is not reachable because
of limited visibility to the sky. In such a place, map building
and localization functions are required to plan a path and to
control a vehicle. Moreover static obstacle finding and walking
human detection are also required. Vertical wall segment based
method is proposed to build a map and to localize where the
vehicle is. SJPDAFs combined with SVM classifier is proposed
to find out and track walking human being.
II.

V EHICLE C ONFIGURATION

A. Hardware
In this paper, we adopted ZMP Robocar HV as a vehicle
platform, that was modified based on Toyota Prius NHW20.
Steering, accel, brake and shift positions can be controlled.
As for an external sensor, Velodyne HDL-32e is adopted.
This LIDAR has rotating head with 32 time of flight simultaneously measuring distance sensor of Class 1 eye safe laser at
905[nm] wave length. Therefore, observation becomes multilayered concentric point clouds. View angle is 30.7[deg] for
lower side from horizontal plane, and 10.7[deg] for upper side.
Distance range is about 70[m] with 2[cm] in 1σ at 25[m].
Measuring cycle of rotation is 10[hz] in this paper.
Fig.1 shows the vehicle with Velodyne LIDAR is attached
on the roof.
Lower boundary of view cone of Velodyne HDL-32e is
30[deg] from horizontal axis. We searched a position in 2D

Fig. 2. Raw odometry data from 5 loops of car-park (left) and corrected
odometry (right)

space to minimize self-obsclusion of the car, and result was
shown in the figure. Obtained position of LIDAR was 2.27[m]
from the ground and 1.0[m] front from rear wheel axis. View
cone slightly hit four corners of the car, and the cone hits to
the ground with about 7.7[m] diameter. Lower of this cone is
not visible.
B. Software System
We developed our software on robotics middleware
ROS. ROS version is Fuerte. Introduced packages are velodyne driver, velodyne pointcloud, pointcloud to laserscan,
map server, slam gmapping, amcl and tf.
C. Odometry
Access to car state information is through the ZMP Robocar HV interface API. Both current velocity [km/h] and a
steering angle measure α [rad] can be read. Translational
velocity v [m/s] and angular velocity ω [rad] can then be

determined. From this, an odometry estimate (x, y, θ, 2D
position and yaw), can be calculated, using the bicycle mode
of motion:
x0 = x + v · cos(θ)
y 0 = y 0 + v · sin(θ)
α
v
θ0 = θ + · tan( )
L
N
where, L is the wheel base, and N is the steering ratio.
Raw odometry readings contain some bias. To correct for
this bias, an offset in angular velocity and a scalar adjustor
of translational velocity were estimated, and used to correct
measured velocity data:

Fig. 3.
shown

One round to build a map, localized trajectory and LIDAR is also

Fig. 4.

Enlarged partial 3D point cloud map

ωc = ωr + ω
vc = vr · v
where, ωc and ωr refer to corrected and raw angular velocity
respectively, and ω to the bias in angular velocity. Similarly
vc and vr refer to the corrected and raw translational velocity
and v to the translational velocity weighting co-efficient.
To estimate v and epsilonω raw odometry was captured
from various circular motions of known radius, and constant
angular velocity, with the motion starting and stopping on the
same location. A combination of raw odometry and candidate
values of epsilon can be used to predict a stop position for the
car. An error measure was defined as the difference between
predicted odometric path and the real path of the final stop
position and the total distance travelled. A search of the bias
values was performed to minimize this error measure. For the
low speeds used in these experiments (5 − 20)[km/h], v was
estimated to be 1.02 ω to 0.61 [deg].
Odometry was captured over 5 loops around a parking lot.
The raw odometry data and corrected odometry using v and
ω as defined above, are shown in Fig.2.
III.

M APPING , L OCALIZATION AND S TATIC O BSTACLE
D ETECTION

Point cloud is obtained by Velodyne LIDAR by using
pointcloud to laserscan package. Vertical wall segment is
searched from the data, and appropriate height data is projected
into 2D plane and converted into laserscan data. In order to
avoid walking human and other vehicles, above 2[m] from the
ground is searched.

Such a human passage has a potential danger, so such changing
observation place is also statistically updated. Path planner can
utilize this obstacle map to find out collision free path to the
goal.
IV.

T RACKING AND C LASSIFYING OF M ULTIPLE M OVING
O BJECTS

Tracking and classifying multiple moving objects from
LIDAR input was conducted with frameworks of SJPDAFs
(Sample-based Joint Probabilistic Data Association Filters),
the method is robust against occlusions or false segmentation
of LIDAR input. The method divides tracking targets and
corresponding LIDAR segments into clusters, and is capable
of classifying each cluster as a car or a group of pedestrians.
A. Cluster Based SJPDAFs in Outdoor Environments

Fig.3 shows the map built by manually driving one round
at our car park. In this experiment, 3.0–3.5[m] height is used.
Grey region shows objects in map. Velodyne LIDAR input
shows concentric points where orange is low and green is high
in elevation. Localized vehicle trajectory is shown in yellow
line.

Suppose that T moving objects are being tracked and
mk features are measured at time k. X k = {xk1 · · · xkT }
and Z(k) = {z 1 (k) · · · z mk (k)} denote the state vectors of
moving objects and the measurements, respectively, at time k.
In addition, Z k denotes the sequence of all measurements up
to time k.

Fig.4 shows reprojected 3D points by localizing vehicle
trajecotry. Again point color shows elevation by the gradation
from orange to green. Parking vehicles and trees can be seen.

The likelihood of xki is updated by the following expressions using a Bayes Filter Algorithm [5].
∫
p(xki |Z k−1 ) =
p(xki |xk−1
)p(xk−1
|Z k−1 )dxk−1
(1)
t
i
i

Fig.6 shows a static obstacle map calculated from 3D
map. Objects observed above ground and under vehicle hight
is statistically updated. Black pixels are observed multiple
times during one round observation. There were seveal human
walking in the car park, and their trajectories are also remained.

p(xki |Z k )

=

αp(Z(k)|xki )p(xki |Z k−1 )

(2)

Here, α represents a normalizer. (S)JPDAFs introduce “Reliability” to z j from xi according to

Fig. 5.

Enlarged partial 3D polygon map constructed from point cloud map

Fig. 7. Walking Human Trajectories (top) and one shot LIDAR scan (bottom)

Fig. 6.

Detected obstacles shown in black pixel

βji =

∑

P (θ|Z k )

3)
4)
5)
(3)
6)

θ∈Θji

Eq.(2) can be transformed using βji as following.

p(xki |Z k ) = α

mk
∑

βji p(z j (k)|xki )p(xki |Z k−1 )

(4)

j=0

θ and P (θ|Z k ) denote a hypothesis and its likelihood
respectively. θji denotes the set of all hypotheses for which
z j corresponds to xi .
Normal SJPDAFs estimate the number of people within the
entire sensor area by assuming a Poisson process. However, in
outdoor environments, the density of moving objects varies
considerably, so that a Poisson process is no longer suitable
for representing the change in the number of moving objects.
To overcome this, the proposed method employs cluster-based
SJPDAFs. A “cluster” in this paper means a set of particle filter
components of SJPDAFs and corresponding LRF segments.
Estimation of the number of pedestrians and classification are
performed for each cluster.
The proposed tracking method is performed as follows:
1)
2)

Moving object candidates are extracted from the latest
LRF scan, and grouping of candidates is performed.
Particles in existing SJPDAFs clusters are updated
according to p(xki,n |xk−1
i,n ), and corresponding groups
of candidates are enumerated.

Merging and splitting of SJPDAFs clusters are performed.
Each SJPDAFs cluster is updated independently.
Classification and estimation of the number of pedestrians are performed for each cluster.
New SJPDAFs clusters are initialized for groups
of candidates that are not associated with existing
SJPDAFs clusters.

As for 5) Classification and estimation of the number of
pedestrians, linear SVM(Support Vector Machine) is adopted.
As the shapes of LRF scan segments are not stable, the method
adopts a time-series estimation.
B. Experiment
Experiment were conducted when many person is walking around. Result is shown in Fig.7. In this case, vehicle
did two round. Vehicle trajectory (yellow) and all observed
walking human trajectories (magenta) are shown in Fig.7(top).
Fig.7(bottom) shows one shot LIDAR scan shown in graduation color for elevation as like previous figures. There are false
positives occured around trees. Since we adopted cylindorical
model as for human shape, there are many places that the trees
can fit in that model, it is difficult to avoid this mismatch.
V.

C ONTROL

To perform autonomous navigation the control system
employs a path following method known as the pure pursuit
algorithm [6]. The path is defined by a series of way points, and
line segments connecting the way points form the reference
path. The pure pursuit algorithm attempts to follow the path
by computing a circular arc from the estimated robot position
to a point some distance along the reference path. This ”look
ahead” distance varies depending on current velocity and

combined with SVM classifier is proposed to find out and
track walking human being.
In order to achive autonomy, we developed an autonomous
vehicle navigation system using LIDAR that has following
functions: 1) map building, 2) localization, 3) static obstacle
detection, 4) human tracking, 5) path planning, 6) vehicle
control of path following. All those functions are developed
on ROS. Car park of 70x50[m] area is used for experiment
and results are shown.
R EFERENCES

Fig. 8.

Results on autonomous run in straight
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