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People Tracking by Collaboration between
a Mobile Robot and Static Laser Scanner

Keisuke Okada, Jae Hoon Lee, Member, IAENG, and Shingo Okamoto

Abstract— This study presents a method for recognizing the
motion of people using static and mobile laser scanners that are
installed in a room and a mobile robot, respectively. We utilized
a static sensor equipped with wireless communication in order
to overcome the limitations of a sensor that is mounted on a
mobile robot, i.e. moving sensor. However, when moving and
static sensors are used at the same time, problems inevitably
occur during the process of coordinating the data from the
different sensors. Moreover, large amounts of information from
both sensors need to be processed rapidly for real time
computations in realistic environments. In order to cope with
these problems, a framework was constructed and studied for
tracking people using static and moving sensors. A particle
filter was used in localizing robot position in a predetermined
map, and Multiple Hypothesis Tracking (MHT) based on
Kalman filtering was employed for robust tracking of people.
As a result, it was possible to correctly coordinate the
information from both sensors. Several experiments were
performed in order to test this people tracking method in a
realistic indoor environment.

Index Terms— People tracking, Laser scanner, Mobile robot,
Ambient sensing

I. INTRODUCTION

I nvestigations have been carried out recently regarding the
coexistence of robots and humans in the daily
environments of humans with a view toward the development
of robotic service applications in the near future[1]-[3]. The
ability to recognize human motion is considered as one of the
the basic capabilities for robots for supporting humans in
daily environments. Therefore, many studies have been
conducted recently in order to facilitate people tracking using
various sensors. In addition, algorithms have been developed
for the effective utilization of sensor data via probabilistic
methods such as Kalman filtering and Particle filtering [4],
[5]. Methods have also been proposed for using multiple
mobile robots [6] and for utilizing two-dimensional (2D)
range data and image data simultaneously [7]. Further,
people tracking capabilities have been implemented using
data association methods such as Nearest Neighbor algorithm
(NN), Joint Probabilistic Data Association (JPDA) [8], [9],
and Multiple Hypothesis Tracking (MHT) [10], [11].

On the other hand, new hardware features and advances in
information technology have made it possible to consider
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new approaches for overcoming the limited internal
capabilities of robots. These advances include improvements
in wireless communications and sensors such as CCD
cameras. There are two main issues that need to be solved in
order to realize a sensor-based system that recognizes human
movements. First, a method to be developed for recognizing
human motions using sensors that are embedded in a robot
and in a room as a part of the environmental infrastructure.
Second, an algorithm is required for effectively manipulating
the large volume of data from the sensors.

Therefore, the purpose of this research is to propose a
framework for a people recognition system that includes a
static laser scanner in an indoor environment and a mobile
robot with a laser scanner. Further, we aim to test the system
via experiments that simulate realistic situations. Therefore,
an experimental system was developed based on the
proposal.

11.SYSTEM CONFIGURATION

A. Overall Architecture and Sensing Condition of the
Developed System

Figure 1 shows the overall architecture of the system
developed in this study. It consists of three main parts: a static
sensor installed in an indoor environment, a central
computer, and a moving sensor. The simplest setup with three
representative components is considered in this study.
However, the number of sensors can be changed based on the
environmental conditions or the application.

Laser scanners are employed for both the static and
moving sensors. The laser scanner is located at a static
position in the indoor environment and is connected to the
central computer by a local area network (LAN)
communication cable. The moving sensor is attached to the
robot and is connected to the central computer by a wireless
LAN communication channel. Thus the measurement data
from both sensors are transferred to the central computer and
the computed results can be utilized by the robot.
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Fig. 1. Schematic diagram of system configuration
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B. Sensing Condition of Static and Moving Sensors

The placement of the laser scanners for detecting human
motions is displayed in Fig. 2. The height of the static laser
scanner is about 90 [cm] from the ground and it is placed at a
certain position on the near wall of the room. The moving
sensor is set on the upper plate of the robot at a height of
about 32 [cm] from the ground. Therefore, the static laser
scanner scans the waist sections of humans and the moving
laser scanner detects human legs. The static sensor was
constructed using LMS100 laser scanner (SICK Co.). The
sensor in the mobile robot was constructed using URG-04LX
(HOKUYO Co.) laser range finder. The specifications for
both laser scanners are listed in Tables 1 and 2. The size of
the robot is about 40 [cm] in width, 36 [cm] in depth, and 40
[cm] in height, respectively. The robot has two active wheels
that are controlled independently and one caster wheel. The
position of the robot is computed via odometry using angle
data from both the active wheels.

TABLE 1
SPECIFICATIONS FOR STATIC LASER SCANNER
Model No. LMS100
Detect range 20m(Max. range with over 75% reflectivity)
270°
Accuracy +30mm / £40mm
Angular resolution 0.5°
Scan time 20msec / scan
Interface Ethernet 100 Mbit TCP/IP,
Size (Weight) 102mm X 162mm X 106mm ( 1100g )
Manufacturer SICK Co.
TABLE II
SPECIFICATION FOR LASER SCANNER INSTALLED IN MOBILE ROBOT
Model No. URG-04LX
Detect range 60 to 4095mm, 240°
Accuracy 60 to 1000mm: £30mm

1000 to 4095mm: £1%
0.36°

Angular resolution
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and extracts the measurement set via a ‘clustering’ process.
The second task is to estimate the current positions of people
using the measurement sets from the static sensor and the
moving sensor, where the processes of “prediction,”
“association,” and “estimation” are carried out. The third task
is to interface with the mobile robot. The computer receives
the raw data from the moving sensor, the measurement set
that is processed by the robot, and the odometry data in real
time. Consequently, it sends the estimation results to the
robot. The fourth task is to display and save the sensor data
and the resulting information for the users.

The mobile robot scans the local environment and sends
the measurement data to the central computer. One basic
precondition is that the positions of the static sensor and the
moving sensor are definitely known, because all of the
information must be coordinated based on the positions and
directions of both sensors. However, the position of the
mobile robot is computed via odometry and errors occur
inevitably as a result. In order to solve the problem, the
mobile robot is localized based on the map data. Therefore,
the robot has functions for localizing itself, clustering the
sensor data, and interfacing with the central computer. A
Sensor Sharing Manager (SSM) program is installed in the
computer on the robot and is used to efficiently manipulate
the data from the multiple, internal sensors. The SSM
software coordinated the scan data and the odometry data as
shown in Fig 4.
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Fig. 2. Side view of the system for detecting humans with laser scanners.

C. Framework Design for the System

The framework for the people tracking system with static
and moving sensors is shown in Fig. 3. The tasks for
recognizing the human movements in the room are divided
between the central computer and the robot as follows.

The central computer collects the measurement data from
both sensors and estimates the positions of people in motion.
The first task is to manipulate the measurement data from the
static sensor. The computer interfaces with the static sensor
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Fig. 3. Framework of the system for recognizing human movements with
a mobile robot and a static laser scanner.
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I1l. RECOGNIZING PEOPLE WITH A STATIC LASER SCANNER

A. Detecting People with a Static Laser Scanner

Using the scan data, we can observe the surrounding
environment and detect the humans that are included in it.
Figure 5 shows a schematic diagram for detecting humans
using a laser scanner. The human positions can be detected by
comparing the present scan data with the reference data that
is saved at the time when no human is present in the area. The
differences in the data set signify the people who have
entered the environment at a later time. The process for
extracting the differences is called ‘clustering,” and a set of
scan points that are grouped together in the same region are
referred to in this paper as a ‘cluster’ or a ‘measurement.” The
differences can be divided into multiple clusters by
comparing the distances between the adjacent points in the
clusters. The clusters with sizes that are similar to the size of
an adult’s waist are classified as measurements that represent
humans. As a resultant, the measurement, z ; , is given in the

form of (rj,ej), which can be converted to a position with

respect to the global coordinate based on a laser scanner’s
position.
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Fig. 5. People detection with a static laser scanner

B. Estimating Movements of People

In general, the measurements from the sensors include
noise due to the natural characteristics of the sensors, the

motions of people, and the limitation of the clustering process.

For example, the exact center position of a human cannot be
measured because the detected part does not have an ideal
shape, such as a complete circle, and is also moving in a
random manner. Additionally, there are time delays on the
communication channel. The Kalman filtering method is
employed in conjunction with a model of human movement
in order to compute the optimal states of humans in a stable
manner [12]. Figure 6 shows a schematic representation of
the state estimation process for tracking human movements.
In this figure, i denotes the number of humans, j denotes the
number of measurement values, k denotes time. For example,
Xi(k+1) denotes the predicted state of the i-th human at time
k+1, and z(k+1) denotes the measurement of the j-th human
at time k+1. The estimated state of the i-th human at time k is
defined by the following equation (1).

x(0)= (0 i), vxi) vyi®)T @
It is assumed that the humans were moving via linear
uniform motion during the period of sampling time, At .

Therefore, the state of the human at time k+1 is represented as
follows.
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xik+1)=xi(K)+vyi (KAt +af;(k)a/2 - ()
yi(k+1)=yi(k)+vy’i(k)At+a§'i(k)At2/2 (3)

Vi (K1) = vy (k) + ai(k)At (4)
vy (k+1)=vy;(k)+ay,(k)At ®)
It can be rewritten in the matrix form as
xi(k+1)= Ax; (x)+Q(k) )
where, A is the state transition matrix and is defined as
10At O
01 0 At
“loo1 0| ®
000 1

and Q(k) denotes the system noise that represents the model
error and the acceleration of the human object that is being

changed randomly. Then, the measurement is given as
Zj(k): H)_(i(k)+W(k) )

where, H is the measurement matrix that is defined as

1000

H= ,

0100
W (k) is the measurement noise that represents the error in
the measurement of the laser scanner.

(10)
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Fig. 6. Schematic representation of state estimation for tracking
a moving object

C. Data Association for Tracking People

Tracking a moving object requires an association between
the measurement of an object’s state at a previous time and
the measurement at the current time. The simplest and most
widely used method for object tracking is the NN algorithm,
which associates the data based on the distance with them.
However, NN sometimes fails to make associations correctly
when there are many moving objects with complex patterns
of motion. The MHT algorithm [10], [11], on the other hand,
considers multiple possibilities based on associations that
have been proposed. Both of these algorithms were tested as
tracking method in the central computer in this study.

The concepts for tracking moving objects with NN and
MHT are displayed in Figs. 7 and 8. In the case of NN, only
one track is generated for the existing object with the
measurement that is positioned nearest to the predicted state.
As a result, the other measurements are connected as existing
tracks to other objects that are close to them or the
measurements become new tracks when there is no existing
object nearby. For MHT, alternative association hypotheses
are considered for associating measurements and tracks. The
set of hypotheses is propagated into the future based on the
expectation that future measurements will resolve
ambiguities about the associations. Thus, the tracking
performances for MHT are superior to the performances for
NN. However, MHT requires additional computing power in
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order to process a higher number of hypotheses and the
number of hypotheses increases as time elapses. This issue
can be resolved by restricting the number of hypotheses
based on the likelihood of each hypothesis.

In the example in Fig. 7, only one hypothesis generated by
NN that associates the prediction value with Z, (k). Fig. 8, on
the other hand, shows the results for MHT for the same

situation. Two hypotheses are considered as shown in Fig. 8,
and one of them is selected based on the likelihood.
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Fig. 8. Tracking moving objects with MHT

IV. RECOGNIZING PEOPLE WITH MOBILE ROBOT

A. Localization with Map and Scan Data

It is important to determine the pose of the robot when
coordinating its measurement data to that of the static sensor.
Odometry data from the robot is helpful for this process, but
shows high levels of accumulation errors in the case of long
distance navigation. Therefore, a localization algorithm is
required in order to guarantee the availability of absolute
position information. A particle filter is used in conjunction
with map matching for this purpose. The particle filter
calculates the likelihood values for multiple particles,
analyzes candidates for the solution, and estimates the result
based on their values.

Figure 9 shows the concept for localizing the robot with a
particle filter that uses map matching. The state of robot pose
at time k is defined as

RK)=Rxk)l Ryk: RyM)T. )
The state of the b-th particle within the particle sets at time
k is defined as
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p, (k)= (px,b(k): Py,b(k) p¢,b(k))T (12)
The motion model for each particle for the state transition
is represented by the following equations:

Py (k +1)= p, (k) +Vroos(p, , (k))At, (13)
pyp(k+1)= py’b(k)+VRsin(p¢’b(k))At , (14)
Pyp(k+1)=p, (k) +wrAt. (15)

The weight of the b-th particle, w, is defined as follows:
b|

dgzmc_gc J (16)
=N o(dn—d?), (17)
w° = (exp(—l/ nb)) g (18)

where, the subscript ¢ denotes the number of scan points,
m, denotes the position information for a point in the map,

s0 denotes the position information for the scan data under

the hypothesis where the robot is located to the value of the
b-th particle, dy, denotes the threshold of error, 2 denotes
the index that represents the difference between the scan data
and the map data, and »,° denotes the likelihood of the b-th
particle, respectively. When (2 is larger than dy, , (dth_dg)
becomes zero. Finally, the robot state is computed using

Rk+1)=>F,p, (k +1)xv\)’/(v\P+Wl+---+WP). (19)
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Fig. 9. Estimation of robot position by using particle filter using
the map matching method

B. Localization of the Robot by Using the Information from
the Central Computer

A new method for estimating the robot position based not
only the map, but also on collaboration with the central
computer has been considered in this paper. In other words,
the robot’s position is recognized by the central computer and
is used to improve the performance of localization by the
particle filter using map matching.

It is assumed that the robot can receive position data from
all moving objects that are recognized by the central
computer. It is defined as
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0 (K)=(ox(k). oy (20)
The likelihood that the b-th particle represents the robot
position is defined as follows

1o (k)= It — \/(Ox(k)_ px,b(k))2 + (O y(k)— p y,b(k))2 (21)

(k)= Zy:o(dth—dg)ﬂb (22)
where, |, denotes the threshold of the position error.

C. Recognizing People with Laser Scanner Embedded on
the Robot

A laser scanner installed in a mobile robot detects the
human legs. The positions of human legs can be detected by
comparing the present scan data with the map data. The data
are converted to measurements that denote human positions
with respect to the global coordinate of the robot pose. The
recognition method is similar to the method used in the case
of the static laser scanner.

V.EXPERIMENTAL RESULTS

In this section, the results are described for an experiment
that was carried out in the lobby of a building at Ehime
University.

A. Recognizing People Using only Static Sensor
The methods for tracking people based on NN and MHT

with a static sensor were implemented in the central computer.

The performances of the two methods were compared in
experiments that involved tracking four people in random
waking motions. The scene of the experimental environment
is displayed in Fig. 10. Figures 11 and 12 show the
experimental results for both algorithms for a test where
those were applied to the same experiment at the same time.

The motion trajectories of people are depicted by dotted lines.

Their walking speed is about 1.2 [m/sec]. The static sensor is
located at the position of (0, -3000) [mm]. It can be observed
that MHT shows superior performances for long-time
tracking and for situations where motions intersect with each
other.

B. Robot Localization

The experiments for robot localization were carried out as
follows. Two methods were used for localization: the typical
method using only map, and the other using both the map and
the information from the central computer. Both methods
were applied to the same experiment at the same time and the
moving speed of the robot was set to about 50 [cm/s].

The experimental results for robot localization using only
map information are shown in Fig. 13. For the comparison
purposes, the scan data taken from the laser scanner on the
mobile robot is depicted based on the robot positions/poses
that were computed using odometry and particle filtering
with map matching, respectively. The black scan data
represent the data that are based on odometry alone. The red
scan data represent the data for robot pose based on the
particle filter with map matching. It can be observed that the
scan data for odometry shows larger position errors than that
the scan data for the robot pose based on the particle filter
with map matching. Thus, the position data from odometry
should be modified by the localization algorithm.

Figure 14 shows the experimental results from the
experiment with advanced localization that was conducted
using particle filtering with map matching and position
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information from the central computer. It can be observed
that the set of red points, which represent scan data that are
coordinated based on the localization results, are closely
matched with the map data. It can be observed that the black
points, which represent the result from odometry, show large
positioning errors for the same experiment. Therefore the
proposed method gives the best performances out of all the
methods that were tested.
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Fig. 15. Environment for experiment for recognizing walking people using
moving and static sensors
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by the central computer using data from the static and moving
sensors is displayed in Fig. 16. In the results, the robot is
located near (1500, 0), and two people are walking near (-500,
-500) and (-500, 500), respectively. One person is detected by
both sensors. The motions of his legs were tracked and are
depicted with green points (by the moving sensor) and with
purple points (by the static sensor). The other person was
only detected by the moving sensor. The motions of his legs
were also tracked and are depicted with green points (by the
moving sensor). Therefore, it has been confirmed that the
proposed system can recognize walking people.

VI. CONCLUSION

A system for recognizing pedestrians installed with a
collaborative algorithm utilizing both static and moving
sensors was developed in this paper. A localization method
based on a particle filter that used a predetermined map and
measurements from the central computer was proposed in
order to cope with position errors regarding the mobile robot.
For the real implementation, the framework of the entire
system was designed based on the tasks and roles of the
individual components. The effectiveness of the system was
demonstrated in an experiment in a realistic environment.
Future studies will focus on extending this proposal to a
larger system with multiple sensors and on stabilizing the
system in realistic conditions.
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