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Localization is a crucial task for autonomous mobile robots in order to successfully move to goal
locations in their environment. Usually, this is done in a robot-centric manner, where the robot
maintains a map with its body in the center. In swarm robotics applications, where a group of robots
needs to coordinate in order to achieve their common goals, robot-centric localization will not suffice
as each member of the swarm has its own frame of reference. One way to deal with this problem
is to create, maintain and share a common map (global coordinate system), among the members of
the swarm. This paper presents an approach to global localization for a group of robots in unknown,
GPS and landmark free environments. The main idea relies on members of the swarm staying still
and acting as beacons, emitting electromagnetic signals. These stationary robots form a global frame
of reference and the rest of the group localize themselves in it using the Received Signal Strength
Indicator (RSSI). The proposed method is evaluated, and the results obtained from the experiments
are promising.

1 Introduction

Robotic Swarms is a topic with significant interest, especially with the increased use of large groups of
unmanned air or ground vehicles [[13]. Self localization and navigation is a crucial task for autonomous
robots [3]], both on indoor and outdoor navigation. Depending on the application of the robotic swarm,
the robots may need the ability to discover their location.

Non robotic applications can also take advantage of indoor localization techniques. In case of emer-
gency evacuation, especially on crowded buildings like malls, airports etc., it is beneficial to know the
location of people inside the building as this can help with faster and safer evacuation. In order to achieve
that, specific devices or smartphones can be used that take advantage of the proposed localization scheme.

Localization is the ability of a robot to know its position and orientation. The location could be
relative to other robots or absolute on a common coordinate system. While operating outdoors, a robot
can rely on GPS to localize itself. The aforementioned sensor can not be used on indoor environments.
Simultaneous localization and mapping (SLAM) algorithms are extensively used [2l], although when
small and relatively simple robots are needed, their high complexity and computational cost is a major
drawback. Several techniques exploiting beacons and landmarks for localization have been proposed in
the literature as well as techniques using inertial navigation systems, magnetic, sound and optic based
navigation [14]].

Inertial localization is also a common approach. Based on odometers, accelerometers and gyro-
scopes, one can determine the orientation and direction of the robot [7]. Although the results provided
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are robust against environmental changes, this technique is prone to error accumulation [[15]. Kalman
filters have been expensively used in order to improve accuracy [8]].

Radio frequency localization is the approach usually preferred. Beacons can cover a wide area, radio
waves can penetrate most materials while the installation cost is relatively low [11]. Received Signal
Strength Indicator (RSSI) is mainly exploited for robot localization [1,[19,127]. Time of arrival and
time difference of arrival of two signals that are known to have different propagation is also a common
approach for localization.

Localization based on RSSI is proposed in the Ladybug algorithm [10]. A robot equipped with
sensors able to measure the strength of the received electromagnetic signal, is able to identify the location
of the source of the signal and navigate to it. The source could be either a beacon or another robot. The
LadyBug Algorithm was effective and had numerous benefits compared to similar approaches, such
as I-Bug [22]]. RSSI could be an efficient solution when deploying a robotic swarm on GPS denying
environment. Our motivation was to propose an approach where a robotic swarm could be able to extract
the location of each robot in the same coordinate system using local sensing only, allowing the LadyBug
algorithm to be implemented on the swarm. Sharing a common coordinate system is crucial for tasks
such as self-assembly.

The benefits of localizing the swarm in a common coordinate system are presented in [18]]. The
ability of the swarm to self-assemble on a specific shape was realized by placing four robots on a specific
layout, marking the coordinate system and using trillateration. While the proposed solution is efficient,
it’s main drawback is the limitation to two dimensions and the requirement of hand placing the four
initial robots. Our incentive was to propose an approach where the robots will use local sensing but will
have the ability to localize in a global system without the aforementioned limitations.

Our approach would have numerous benefits such as: a) the swarm will share a common localization
scheme, sharing the same map. b) The localization scheme is based on three members of the swarm
equipped with a beacon instead of four. c) No manual placement is required. The beacons could be
anywhere on the operation area. d) Our approach is able to localize in three dimensions. e) The proposed
solution is robust as, in case of a possible failure of a beacon, another robot from the swarm can replace
1t.

2 Related Work

Radio frequency identification technology (RFID) is used in [23]] to localize robots navigating indoors.
The passive RFID tags installed, divided the area into a grid. As a robot, equipped with an RFID reader,
explores the area, the reader reads the tag. The position is then estimated by correlating the ID of the tag
with a map containing the localization information of the tags. Despite the high accuracy, the need for a
map containing the ID and location of the tags limits the practical applications.

Pseudolites (i.e. pseudo satellites) have been proposed for indoor localization [24]. The main idea is
to receive the GPS signal and transmit it indoors using signal repeaters [26]. The major drawback of this
approach is the increased cost of the network installation. Additionally, in case the main signal receiver
fails the whole network is unusable.

A localization method based on RSSI of heterogeneous sources (i.e. WLAN, GSM etc) is presented
in [21]]. By analyzing the fingerprint and strength of the received signal, the robot is able to localize
itself by comparing it with a fingerprint map. While exploiting already existing infrastructures, negating
the need for a network deployment, the main disadvantage is the need for a fingerprint map covering all
the area of interest. RFID sensors can also be used for indoor localization. In [[6], authors presented a
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simulator that allows modeling environments and testing the deployment of RFID solutions. Tags and
antennas are placed and RSSI is exploited to find the location of each tag.

A distributed localization method based on swarm intelligence algorithms is presented in [4]]. Particle
swarm optimization and an approach based on backtracking search algorithm is proposed. The proposed
method operates in three stages. The first stage allows a robot to estimate the distance from a reference
node using the Sum-Dist algorithm [9]. The second stage estimates the position of the robot using the
min-max technique [9,20]. Finally the third stage the accuracy improves by re-evaluating the position
based on the position of the neighbors.

3 Problem Statement

The localization of the robot is based on RSSI. Given an electromagnetic signal, the coordinates of the
source in 3D space can be calculated in the robocentric system and the in the global coordinate system.
In order to achieve our goal, three beacons are employed, creating a 3D common coordinate system for
all robots. In our work, the following assumptions were made: a) All robots are equipped with sensors
capable of reading the RSSI of a received signal. b) Two robots act as anchors. c¢) A beacon/robot is
placed at the center of the coordinate system.

Figure 1: The position of the four sensors on the robot.

The main localization scheme employs three receivers and one transceiver. The transceiver allows
the robot to act as a beacon or exchange information with the rest of the swarm. The receivers are placed
on the front, right and left of a robot with radius r and the transceiver on the center, as seen in Fig. [Il
Each sensor is able to identify both the source of the signal and the signal strength. The signal strength
(S) is inversely proportional to the square of the distance (d) between the sensor and the source (). Using
(1) the distance between the source and each sensor can be calculated ().

1 1

The coordinates of each sensor, in the robot-centric system, can be seen on Table[Il Let (x;,ys,zs)
be the coordinates of the signal source in the robot-centric system. Using (I)) the distance between each
sensor (center, front, left, right) is calculated.

d3=x2 4y 47 djzf:xf+2rx+r2+yf+zf
df =x;+y; +2 +2ry+r° df = x4y, +z = 2ry+r° ©)

Solving the equation system (2)), the coordinates of the source, x; and y, respectively, can be calcu-
lated. By replacing the values of x; and y; on @) the z; coordinate can be calculated. Similarly (and
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Sensor | Robocentric Coordinates (x,y) | Enchanced Localization Coordinates
So (0,0,0) (0,0)
Sy (0,1,0) (0,-1)
Sgr (0,-1,0) 0,r)
Sk (r,0,0) (r,0)
Sp - (-r,0)

Table 1: Position of the sensors

knowing the coordinates of the source) the coordinates of the beacon (xp,yp,z5) and the anchor robots
(Xa15Yal>Za1)s (Xa25Ya2,242) can be calculated.

3.1 Enhanced Localization

In order to further enhance the localization procedure, redundant sensors were added. Our implementa-
tion uses five sensors. All the receivers are placed on the perimeter of the robot thus creating four sensor
groups (triangle formed by the transceiver in the center and two receivers on the perimeter). The updated
robot-centric coordinates can be seen on Table[Il The estimates of the four groups are averaged, resulting
in more accurate estimation of the source’s position.

3.2 Global Localization

As already described in the previous section, the robot is able to calculate the coordinates of the three
beacons in the robocentric system. Knowing their relative positions, the global position of the robot can
be calculated. Let A be the center of the global coordinate system and B, C the two beacons that define
axis X and Y respectively.

Using vectors AB and AC we define three new vectors using the outer products, as seen in (3), and
normalize them.

7=AB®AC y=Z®AB I=y®7 3)

Let 7 be the vector between the center of the robot R and A. We can now calculate the coordinates of
the robot in the global system defined by X, y and Z. The coordinates of the robot, (x,,y,,z,), are the dot
product of 7 and X, ¥, 7 respectively.

4 Experimental Results

In order to evaluate the performance of our localization approach we implemented the algorithm in the
Webots Open Source Robot simulator [25]]. A swarm of four identical robots was used, where three of
them were serving as beacons. A generic round shaped robot with 20cm radius was employed, equipped
with four radio receivers capable of identifying the signal strength on its perimeter and a radio transceiver
on the center.

The three robots acting as beacons were constantly emitting a radio signal with a unique ID, allowing
the robot to identify the source of the signal. In order to further increase the accuracy, each beacon was
transmitting on a different channel reducing the generated noise. For each source the RSSI of 100 packets
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was averaged reducing the noise generated error. The robot was cycling through the three predefined
channels allowing it to identify and locate the robocentric position of each beacon. Lastly the global
coordinates were calculated and reported.

During the experiment, the robot was static while calculating it’s position. After a successfully
calculation it was moving randomly and the new position was calculated and reported. This process was
repeated 10 times. The error (i.e. euclidean distance between the real and calculated global location) for
each location was averaged and used as a metric. In a noiseless environment, the calculated position was
the same with the real one, no matter the distance from the beacons or the orientation of the robot.

In order to evaluate our approach in more real-like conditions, noise was gradually introduced into
the experiment. In total the process described above was repeated 5 times with 5 different noise levels:
10%, 20%, 30%, 40% and 50%. Noise strength is the standard deviation of the Gaussian noise added
to the signal strength. The rest of the conditions were controlled (i.e. the random seed) making sure the
experiment would be the same, providing comparable results. As seen in Fig. [2al for 10% noise the error
was (0.6m while for 20% noise the calculated position was 1.4m off. Further increasing the noise had a
bigger impact.

Error (m)
Error (m)

0 0.1 02 03 04 05 3 35 4 45 5 55 6 65
Noise Level Distance from beacons (m)

(a) Error per noise level (b) Error per distance from the beacons

Figure 2: Localization error.

As noise is related to the distance of the source, an experiment was performed where the distance
between the robot and beacons was gradually increased. The three beacons were hand placed forming an
isosceles triangle. This placement guaranteed that the distance between the robot and two beacons would
be the same. The side of the triangle formed was 4m and the noise level was set to 10%. The experiment
was repeated 10 times and the results were averaged. As seen in Fig. [2bl the error was 0.1m when the
robot was closer to the source. The best results were observed when the robot was between 3m and 3.5m
from the beacons. Increasing the distance between the robot and source results in increased noise level,
making it harder to correctly identify the position of the robot. It is worth mentioning that for distances
up to almost 6m the calculated position error was less than 1m.

An experiment was also performed using a small swarm of three robots. The first robot was placed
away from the beacons, the second close to the two of them while the third close to the three beacon
robots. The robots reported their global position 10 times with a time delay added between each calcula-
tion. The noise level was set to 10%. Further noise was introduced, as each robot was emitting a random
signal, simulating an environment where the robots communicate with each other. In Fig. [3]the position
of each robot can be seen. The results show that even with the extra noise (i.e. robots communicating
with each other), the localization process is not heavily affected. It is worth mentioning that the distance
between the robot and the beacons has an impact on the calculations (as already discussed).
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Figure 3: Calculated position of each robot.

5 Conclusion & Future Work

In this paper, a novel global localization method was presented. Our approach exploits RSSI from a
signal emitted by three beacons, to localize a robot on the coordinate system formed by those beacons.

Our approach was evaluated in a noiseless environment as well as in an environment with different
noise levels. While for lower noise levels the results were accepted, for increased noise levels the error
was bigger. This requires further experiments as noise levels in the real world are affected by many
factors, such as the materials of the obstacles, reflectance etc.

Additionally, the impact of the distance between the robot and the source of the signal was investi-
gated. Placing the robot close to the beacons negatively affects the ability to localize itself. Increasing
the distance up to a certain threshold has low impact. Further increasing the distance produced increased
error.

Although a small swarm was simulated, allowing the observation of how multiple robots commu-
nicating will impact the performance, the robots were not exchanging any location related information.
In the near future our focus will be on investigating ways that will allow the robots to correlate their
individual localization information and create a more accurate global map.

Furthermore, the current experiments were performed in a simulated environment. Even with noise
added it is not as close as the real world. Experiments will be performed on a real robot. That evaluation
is crucial as real world noise can not be reproduced easily (i.e. reflection of the signal, non-uniform noise
etc.).

Another important part of our future work is to integrate the localization presented with the LadyBug
algorithm [22]]. As LadyBug provides robust results, the proposed method will allow its application to
robotic swarms.
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