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Abstract: The present paper considers issues related to navigation by autonomous mobile robots in overcrowded
dynamic indoor environments (e.g., shopping malls, exhibition halls or convention centers). For robots moving among
potentially unaware bystanders, safety is a key issue. A navigation method based on mixed potential field path
planning is proposed, in cooperation with active artificial landmarks-based localization, in particular the bearing of
infrared beacons placed in known coordinates processed via particle filters. Simulation experiments and tests in
unmodified real-world environments with the actual robot show the proposed navigation system allows the robot to

successfully navigate safely among bystanders.
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Introduction
Navigation in dynamic environments full of
bystanders and moving pedestrians requires a successful
fusion of several methods from the field of artificial
intelligence [1]. This paper describes a navigation
method developed to control an autonomous robot
named Advee (see Figure 1), intended to serve as a kind
of digital signage device [2] in crowded shopping malls,
exhibition centers and similar places that feature high
numbers of pedestrians. To ensure the robot can move
safely in such an environment, the control system [3]
consists of:

Global Localization — Based on the detection of
artificial landmarks, active landmarks are realized by
infrared beacons placed at specific coordinates within
the environment. The particle filters based approach is
used to localize the robot [4].
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Mapping — A global map of the environment is
created including walls, static obstacles and restricted
areas that are undetectable by robot sensors. This map
excludes dynamic obstacles such as pedestrians or other
temporary obstacles [5].

Global Path Planner — A global path is generated
based on the global map, the robot’s initial position and
the position of the goal [6].

Local Path Planner — Local path planning (i.e.,
obstacle avoidance) is integrated to help the robot to
react to the detection of dynamic obstacles.

Goal Generator — This is module that generates
goals uniformly distributed over the allowed space to
ensure that the robot passes through as many places as
possible in even manner. The goal generator provides
new goal immediately after the robot reaches the
previous goal, comes sufficiently close to it, or is unable
to reach the goal for pre-determined period of time.
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Figure 1. Autonomous robot Advee.

The goals are generated in given area with two
restrictions: a minimum distance of 3 meters from the
previous goal, and at least 1.5 meters from the borders
of the operating area. These simple rules result in a
uniformly distributed goal set.

To verify the performance of the developed
navigation method a simulation environment was
designed and implemented. We created a complete
dynamic model of the robot’s Ackerman chassis [7] along
with a simple model of moving people based on
extended observation the behavior of pedestrians in the
presence of the robot.

The following chapters briefly describe the
methods used in the respective modules. The final
section presents simulation results and discuses the main
issues in chosen approach.

Global Localization and Mapping

The localization technique used to estimate the
robot’s true location is based on artificial landmark
detection. We use infrared active beacons placed in
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previously-determined positions within the operating
environment [8]. The robot is able to detect the angle of
the beacon relative to its own orientation, along with the
beacon ID, thus solving the data association problem. To
estimate the robot’s position, the particle filter method is
used to fuse the data from all detected infrared
landmarks and the robot motion model.

The map stores the representation of the static
obstacles presented in the environment including walls,
restricted undetectable areas and locations of all
installed infrared beacons. The actual position estimated
by the particle filters method is projected onto this map
and is used to plan the trajectory to reach the goal [9].
Furthermore, the 2D map generates a static mixed
potential field [10] for use by the path planning engine
described in the next chapter.

Path Planning

Local path planning for obstacle avoidance is based
on state machine automaton constructed in run-time
from a few simple rules. The local planner considers the
direction to the goal, the shape of the mixed potential
field and obstacles detected nearby [11].

The most common representation of the state

machine is based on a set of six parameters
{5,%,%,A,T,G} where S is a set of possible states,
Ss  represents an initial state, X is the input alphabet,
A is the output alphabet, and 7,G represents
transition functions written as:
T:SxX—>S
: (1)
G:SxX—>A
which can be combined as:
T:S5xX—>SxA. (2)

The state machine uses four states:

S={forward, backward, pause, stop}, (3)
these states produce nine actions from the output
alphabet A={Zo,---,ls} where 7, represents the
performed action:  followGoal, turnRightSharply,
turnLeftSharply, turnRight, turnLeft, followCorridor,
backward, backRight, backLeft. Adequate reaction to
nearby obstacles is realized by the discretization of the
detected distance by sensor d to three areas as

follows:
1 d>06
F(d)=4 0 d=[0.2,0.6]¢, (4)
-1 d<0.2
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which creates input alphabet (4).

> ={-1,0,1}.

Figure 2 presents a graphical representation of the used
discretization function (3). As defined in Eq. (4), the
discretization work in three distance ranges (-1, 0, and 1).
Figure 2 also provides a graphical representation
depicting the mounting of the 12 ultrasonic sensors (S1
to S12) on Advee’s chassis. Each ultrasonic sensor is
represented by the gray area which shows the ultrasonic
beam and the overlap among the sensors.
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Figure 2. Discretization of ultrasonic sensors detection areas as
described via Eq. (4).

Table 1 shows a sample representation of
transition function (2), illustrating a sample set for
moving the robot in the forward direction [12].

Table 1. Partial representation of transition function (2)

Inpust® State change”® Output®
{51,52,53,54,55,56}

{1,1,1,1,1,1} fw->fw followGoal
{-0,1,1,1,1} fw->fw turnRightSharply
{1,1,1,1,0,-} fw->fw turnLeftSharply
{0,1,1,1,1,1} fw->fw turnRight
{1,1,1,1,1,0} fw->fw turnLeft
{-1,1,1,1,-} fw->fw followCorridor
{1,1,-,-,-,- fw->bw backRight
{-,---1,1} fw->bw backRight
{1,-,---,- fw->bw backLeft
{--~--1} fw->bw backLeft

a. Front ultrasonic sensors reading S1 to S6 as shown in
Figure 2. The sign “-” means that this value is not
considered.

b. State transition from actual state to a new state; used
states are abbreviated: fw (forward) and bw
(backward).

c. Robot actions.
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Simulation environment

A virtual environment was developed to simulate
multiple unpredictable situations which the robot should
be able to handle in real-world operations [13].

The purpose-developed simulation environment
(SE) precisely covers the robot and a representation of its
typical operational environment. The SE simulates
moving and stationary people, and can label certain
areas as off limits to the robot. Artificial landmarks can
be placed in the SE to simulate bearing detection errors,
reflections, and detection failures due to dynamic
obstacles obscuring the direct visibility of the landmark
and even common types of hardware failure. The robot
itself is represented by the precise dynamic model of the
Ackerman chassis, together with the probabilistic model
of ultrasonic sensors attached to the robot.

Figure 3 shows the graphic output of the SE, where
the robot is represented by sensor beams, the permitted
area is represented as a polygon (the green L shaped
area) and moving people are represented as moving blue
circles. The artificial infrared landmarks are shown as
orange marks.

Figure 3. Typical view of graphic output from the 2D simulation
environment.

Experimental results

To test the efficiency of proposed navigation
method we repeatedly used the typical representation of
the environment with identical arrangements of allowed
space and infrared landmarks. Performance was tested in
terms of the number of moving obstacles in the
environment.  Experimental results indicate the
maximum number of moving people through which the
robot is able to safely navigate and reach the goals
sequence in a pre-set time.

The experiment was organized as follows: first, a
pre-determined number of obstacles were placed
randomly with random predefined behaviors (i.e., initial
direction and velocity). The robot was then placed in a
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random location within the permitted space in the map.
The simulation finished when the robot was unable to
move for certain period of time, which served as a proxy
for the robot being completely surrounded by people
and unable to move safely.
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Figure 4. Typical path through an overcrowded environment.

The simulation was run 100 times for each number
of obstacles, and the average length of traveled path was
calculated. The number of obstacles was chosen in a
range of 0 to 100. The maximum number of obstacles
was chosen based on observation of typical shopping
malls and exhibitions centers.
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Figure 5. Length of the traveled path as a function of the number of
dynamic obstacles.

Figure 4 shows a typical travel path for the robot
through the environment. The path is smooth and
without redundant movements, i.e., repeated short
backward and forward motions indicating the robot is
having problems avoiding obstacles.

Figure 5 shows the simulation results with different
numbers of nearby dynamic obstacles. The average
length of the traveled path is measured in steps, where
one step is 10 cm long, or one instance of the robot’s
minimal movement. The travel instance ended when the
robot was unable to move in any direction and was
completely surrounded by obstacles. The average length
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of traveled distance is the mean value of the travel path
in repeated simulations with the same number of
dynamic obstacles.

These experiments show that the robot is able to
efficiently move with up to 40 dynamic obstacles, which
is sufficient for most public places. However, in
overcrowded places the traveled distance decreases
dramatically and the robot spends most of its time
waiting for space to free up in the surrounding area. In
such cases, the real Advee robot uses audio prompts to
ask people in the surrounding area to provide room,
however this fact was not modeled in this study.

Conclusion

A navigation method for autonomous robot in
highly populated environments is proposed, combining a
static map of the environment with dynamic obstacle
avoidance based on state automaton. Tests indicate the
proposed navigation allows Advee - a real-world
autonomous robot — to safely function as a new kind of
advertisement platform in crowded areas.

Future work will focus on improvements to the
dynamic planner to consider the predicted movement of
dynamic obstacles. This will potentially improve obstacle
avoidance and increase the robot’s ability to navigate
through crowds of moving people. However, our initial
research indicates that motion prediction is complicated
by the desire of people nearby to approach and interact
with the robot.
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