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This paper describes a synthesizing method for multi-robot collaborative localization. A dis-
tributed extended Kalman filter based on robot odometry and external North Star signals
for data fusion is first designed for the localization of individuals in the robot group. Rely-
ing on relative observation by infrared sensors and gyroscopes mounted on robots, and the
‘uncertainty volume’ strategy, the positions estimated by extended Kalman filters are further
corrected for precising the localization process. The localization accuracy based on different
sensing regimes is tested. Sensor correlations and uncertainties are analyzed for predicting
error propagation and to accommodate sensing deviations. The multi-source signals are then
synthesized for the collaborative localization for a multi-robot system without introducing
excessive computation. Finally, this work is verified by both simulation and experiments with
real robots, i.e. the Festo Robotinos under different scenarios.
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1. Introduction

Localization has been recognized as one of the fundamental problems in mobile
robotics since it frequently becomes the barrier for executing many of the tasks,
e.g., exploration (Grabowski et al. 2000), surveillance (Dhariwal and Sukhatme
2007), and search (Tang 2012). Many solutions have been provided in related fields
for solving this problem which include the commonly used sensor-based methods
and also some soft computing solutions based on source signals originating from
sensors. For examples, in recent years researchers pay efforts on methods of topol-
ogy (Murillo, Guerrero, and Sagüés 2007; Ferdaus 2008; McLurkin 2009), proba-
bilistic (Thrun, Burgard, and Fox 2005; Yang 2008), as well as fuzzy logic (Maaref
and Barret 2002; Molhim citeyearMolhim2002; Cao 2009) for robot localization.
From the perspective of localization utilization, there are basically three kinds

of localization usages for mobile robots. The first kind is using localization for a
single robot, the second one focuses on the localization for multiple robots as a
whole, whereas the third kind of localization orients for multi-robot systems where
correlations between individuals for realizing collaborative localization exist. The
last one is also the research objective of this investigation.
Collaborative localization, sometimes refereed to as cooperative localization, is

an efficient means for estimating the joint state of all the robots via information
sharing among the members of the group. In this case, each robot may be corre-
lated by internal peers. Because of the collaboration and correlation, researchers
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usually need to use several kinds of sensors simultaneously. Each kind of sensor is
in charge of one or more specific purpose. Afterwards, questions like sensor data
fusion, correlation calculation, uncertainty analysis, and error estimation have to
be considered. Therefore, dealing with data from multi-source signals, improving
the localization accuracy by relative observation or information sharing, and re-
ducing computational cost for relatively simple robots become the critical issues
which are concerned by this study.
This paper is organized as follows. Section 2 analyzes the state-of-the-art of

related researches for multi-robot localization while Section 3 introduces the inves-
tigated omnidirectional mobile robot. Section 4 elaborates the localization scheme
for a single robot and extensions for a multi-robot system are described in Sec-
tion 5. Simulation investigations are demonstrated in Section 6 where sensor noise
is mimicked according to the used hardware. Experiments with real robots are
performed in Section 7. Section 8 gives results and performs discussions on the
obtained results. Conclusions are given in Section 9 to close this paper.

2. Related Researches for Multi-robot Localization

Multi-robot or swarm robotic systems can fulfill many tasks that a single robot can
not. However, the localization issue which exists in the single robot application
won’t vanish automatically when considering the multi-robot case. On the one
hand, the localization of a multi-robot system is even more challenging since the
localized deviations may lead to collisions among the robots. On the other hand,
multi-robot systems can perform collaboration between the individuals which may
make it possible for a team of robots to get localized easier and more precise than
a single robot.
The Monte Carlo method is one of the most popular approaches for robot lo-

calization. It provides a good tradeoff between accuracy and robustness. Some
investigations use it for mobile robots localization, e.g., in (Özkucur, Kurt, and
Akın 2009) the Monte Carlo localization for the single robot case is extended using
negative landmark information and shared belief state in addition to perception
for multi-robot localization, (Fox et al. 2000) modify Monte Carlo and Markov
methods for multi-robot localization in which probabilistic algorithms are used to
synchronize each robot’s belief. Using particle filters for tracking a probability dis-
tribution of possible robot poses is the underlying principle when employing Monte
Carlo based methods. One exemplary application of this principle can be found in
(Marchetti, Grisetti, and Iocchi 2007). Another very classical application based on
a probabilistic method is shown in (Thrun 1998), where the Bayes rule is employed
to incorporate sensor data into internal beliefs of robots.
The investigation described in (Roumeliotis and Bekey 2002) contributes decen-

tralized and distributed architectures for multi-robot localization. The research
(Howard, Matark, and Sukhatme 2002) performs localization by relying on the
probabilistic approach of maximum likelihood estimation. The work done in (Mad-
havan, Fregene, and Parker 2004) is oriented for an outdoor environment where
the global positioning system (GPS) is applied. However, GPS doesn’t effectively
work within buildings, and even outdoors, GPS is vertically very challenged. Due
to attenuation and scattering, GPS falls apart indoors. The work in (Caglioti,
Citterio, and Fossati 2006) uses a minimum entropy approach to minimize sensor
uncertainty. As a result, these studies for multi-robot localization greatly increase
the computational burden and also involve more interferences.
(Gasparri, Panzieri, and Pascucci 2009) provide a spatially structured genetic

algorithm for multi-robot localization, however, the relative pose among robots
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are just assumed to be available. That investigation was verified by simulation
only. Recently ‘Encounter Averaging’ was provided which averages the location
estimations of two robots whenever they get close enough, details can be found in
(Elor and Bruckstein 2012). (Wang et al. 2009) use relative bearing for multi-robot
cooperative localization, however, some singularities are not well addressed.
Considerations in this study are to use as simple algorithms as possible for local-

ization and the robots in the group should only be equipped with simple sensors
and restricted memory. Our preferred manner to realize multi-robot collaborative
localization is using relative observations, which are computationally light. Most
researches in this area are focusing on differentially driven mobile robots, whereas,
this study takes the omnidirectional mobile robot as its research objective.

3. Introduction of the Investigated Festo Robotino Robot

In recent years omnidirectional mobile robots attracted researchers interest due to
their unique features, see examples in (Wu 2005) and (Liu et al. 2008). This study
presents methods for the collaborative localization of one kind of omnidirectional
mobile robots, the Festo Robotinos, which are used for our purpose of searching
targets in environments.
A Robotino is an omnidirectional and holonomic mobile robot which is mainly

developed by Festo Didactic in Germany. This creative product orients for both
education and research and it won the Worlddidac award and the German reddot
design award. For a better understanding, the Robotino and its main components
are illustrated in Figure 1.

Figure 1. Festo Robotino and its main components (photo from (Bliesener et al. 2007))

There are three omni-wheel units installed on each Robotino which make possible
for the robot to move in any direction whatever the current orientation is. However,
this omnidirectional feature also brings difficulties for robot localization since it
couples translational errors and rotational errors. Besides the originally equipped
sensors like, e.g., infrared distance sensors and protective sensors, one can also
extend the interfaces for peripheral devices like a gyroscope and a North Star (NS)
positioning system which are used in this investigation.

4. Localization for a Single Robot Based on an Extended Kalman Filter

One must consider the localization ability of moving robots for successfully per-
forming tasks like navigation or trajectory tracking. The functionality of localiza-
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tion answers the question of ‘Where am I?’. Combined with control techniques, it
enables to drive robots to a desired position with acceptable accuracy. This study
first builds strategies for the localization of each Robotino individually before the
collaborative localization is done in a systematic manner.
The robot uses sensors to localize its current pose. However, the sensor data

always contains noise which requires to improve sensor data before taking them
as the localization outcome. The overall scheme for the localization and position
control of a single Robotino is shown in Figure 2 in which a closed-loop feedback
control is included. The robot’s ‘actual’ position and orientation are measured not
only by on-body encoders based odometry but also by an external North Star
navigation system. The measured poses are then processed in an extended Kalman
filter (EKF). With data fusion in EKF, it gives a filtered position and orientation
which are compared to the desired set point. The resulting deviation [∆x ∆y ∆φ]g
drives the robot to approach the purposed pose. By using such a strategy this
research first wants to improve the localization accuracy of a single robot. The
used scheme is valid for all the robots in the group independently thus it is in a
distributed EKFs fashion. Then it is extended for a multi-robot. In the following
first an investigation on how to validate this strategy is performed.

Figure 2. Scheme of localization and position control for a single Robotino

In this study we use robot odometry and a North Star positioning system to per-
form localization. However, neither of them provide enough accuracy. Robotino’s
odometry corresponds to the measurement of wheel rotation by using motor en-
coders to continually update incremental wheel information. The current robot
pose is then determined by time integration adding to the previously known pose.
However, odometry only yields good local performance. Errors can accumulate for
long distances or under adverse conditions. The error sources can come, e.g., from
wheel slippage, non symmetrical robot structure and non precise assembling. The
NS system also involves noise. For example, the NS detector will exhibit nonlinear
absolute localization responses and this nonlinearity will increase as the infrared
projector’s light spots move away from the center of the detectors view field. Be-
sides this, position and orientation errors will also be produced when the detector
is tilted from the plane of localization environment, typically, the floor. Thus, the
questions are, e.g., how to use the pose information for robot position control, or
how to weight the measurements from different sensors. From another side, we want
to improve the position accuracy of robots while not putting too much burden on
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the robot hardware. Due to these reasons, using methods to perform sensor data
fusion will be a good choice based on the information from odometry and the NS
system.
The Kalman filter (Kalman 1960) fits well to our requirement. A Kalman filter

is an estimator for estimating the instantaneous ‘state’ of a linear dynamic system
perturbed by white noise (Grewal and Andrews 2008). In our case, it can fuse the
information from odometry and NS meanwhile reduce noise affection.
The estimated object in this study is a nonlinear process thus it is required to

use the extended Kalman filter (Grewal and Andrews 2008). Procedures of an EKF
in general are composed by five steps. First, performing the a-priori estimation of
the state x (robot pose) by

x(k)− = f(x̂(k − 1),u(k − 1),0). (1)

Here k is the process step. We use the super script ‘minus’ to indicate the a-priori
status. In (1), f is a nonlinear function which relates the state at step k−1 to step
k, u is the optional control input.
According to the Robotino model, the discrete a-priori pose estimation in this

application is given by
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in which one writes the wheels angular velocities together with wheel radii and
geometric structure, see Figure 3, of the Robotino to get the velocities ẋl(k −

1), ẏl(k−1) and φ̇l(k−1). They are the last step’s velocities given in the robot body
frame, a detailed similar derivation can be found in (Tang 2012; Eberhard and Tang
2013) in which these velocities are further corrected due to odometry correction.
However, in this investigation they remain in the original form since we focus on the
accuracy improvement by EKF and relative observation between robots. For the
extended Kalman filter to perform recursions for robot pose estimation one needs
to know the function f explicitly. Based on (2), one can write its three dimensions
separately which yields
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Next, one needs to calculate the a-priori estimate of the error covariance

P (k)− = Ā(k) · P (k − 1) · ĀT (k) +W (k) ·Q(k − 1) ·W T (k). (6)
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Figure 3. Geometry diagram and kinematic relations of Robotino base

Here, Q(k − 1) is the process noise covariance and Ā(k) as well as W (k) are
matrices containing partial derivatives

Āi,j(k) =
∂fi
∂xj

(x̂(k − 1),u(k − 1),0), (7)

Wi,j(k) =
∂fi
∂wj

(x̂(k − 1),u(k − 1),0). (8)

The matrix W (k) depends on the process noise. Thus, for obtaining P one first
needs to calculate the matrices Ā(k) and W (k) according to (7) and (8) combined
with the process functions (3)-(5). In this application it yields
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Due to the definition in (8), W contains entries which are the partial derivatives
of f with respect to w. However, practically w is always calculated through the
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variables of noise sources. In this application the considered noises are contained
in robot’s body velocities which originally come from robot motors. Thus, here the
entries of matrix W become the partial derivatives of f with respect to ẋl(k −

1), ẏl(k − 1) and φ̇l(k − 1).
After this the extended Kalman filter gets into the processes of correction. Thus,

the Kalman gain matrix must be calculated which is

K(k) = P (k)− · H̄T (k) · (H̄(k) · P (k)− · H̄T (k) + V (k) ·R(k) · V T (k))−1. (11)

In this investigation it is degenerated to

K(k) = P (k)− · (P (k)− +R(k))−1 (12)

since both H̄(k) and V (k) are unit matrices here. Matrix H̄(k) is due to the ex-
ternal NS device while V (k) depends on the measurement noise of the NS. The
matrices Q in (6) and R in (12) are the process noise covariance and measurement
noise covariance, respectively, and both of them might change during recursion.
Both Q and R are updated based on the newly measurements in each step and
they become two of the uncertainty sources. A workable formation of Q and R

can take reference from the work (Eberhard and Tang 2013). In our case, Q es-
sentially depends on the noise of reading the motor speeds and R depends on the
measurement noise from North Star.
Then, the a-posteriori pose correction is performed in general by

x̂(k) = x(k)− +K(k) · (z(k)− h(x(k)−,0)). (13)

Correspondingly in this investigation it is governed by
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We use the super script ‘hat’ to indicate the a-posteriori status. In (13) h is the
measurement function. In each recursion loop, the result from (14) is feed back to
the desired pose for position control. The variables zx, zy and zφ in (14) are the
three dimensions of the pose measured by the external North Star system. The NS
system is an infrared (IR) light based positioning device. It is mainly composed by
two parts, one projector, see Figure 4, and one detector, see Figure 5. The NS sys-
tem enables position and heading awareness in mobile robots. When the projector
emits IR light which is reflected by the ceiling, the IR detector which is mounted
on the Robotino can receive the light signals and takes such signals as uniquely
identifiable landmarks. By this, the robot can determine its relative position and
direction. After calibration and coordination, it provides indoor global pose infor-
mation to the robot. The NS system breaks the ‘line-of-sight’ barrier of previous
light beacon systems with simplicity and reliability since its IR light is reflected
by the ceiling. This North Star positioning system can be used for several robots
simultaneously by using different channels identified by varied frequency ranges.
This reduces the coordination errors compared to the situation where each robot
has its own global frame. Therefore, it also improves the positioning accuracy.
Since only a rough robot pose can be obtained when using only odometry, it can

be advantageous to add this external NS device which can give additional informa-
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Figure 4. North Star projector (two emitter clusters) Figure 5. North Star detector

tion independent on odometry. This standalone data is used for pose estimation
through data fusion within an extended Kalman filter.
Afterwards, the prediction covariance is updated for the next round of recursion

which is governed by

P (k) = (I −K(k) · H̄(k)) · P (k)−. (15)

Here, it is simplified to

P (k) = (I −K(k)) · P (k)−. (16)

In both (15) and (16) I is a 3 × 3 unit matrix. Equations (1)-(16) contain all the
EKF procedures and they are performed in a loop to promote the process of the
system. From a mathematical point of view, in (14) K(k) is just a scaling factor
to the two items, x(k)− and z(k). However, physically the Kalman gain weights
two sensor measurements, the odometry and North Star, by considering both of
the sensors noises and uncertainties. Through this method, the information from
both odometry and North Star are fused.

5. Extensions for Multi-robot Collaborative Localization

The method for robot localization shown in this study is performed in a distributed
fashion, i.e., each robot in the group can be localized by an individual EKF applied
on its own. Therefore, further improving the localization quality by benefiting from
other robots in the group becomes an interesting and important topic.

5.1 Theoretical Support

The potential localization improvement of a robot under a distributed EKF is
obvious. Each robot in this instance relies on its own resources rather than com-
bining information from other agents in the group. Integrating measured informa-
tion taken from different robots can obtain better performance. This is so called
‘cooperative localization’ or ‘collaborative localization’, i.e., let the current robot
benefit from information collected by others. However, multi-robot collaborative
localization introduces a new challenge since it needs to gather information from
other entities. Thus, issues like uncertainty representation, relative observation,
data association and so on have to be addressed.
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For the uncertainty representation, we utilize the benefits from EKFs directly.
Since the distributed EKF involves one task of calculating prediction error covari-
ance, we take this prediction covariance, see Equation (16), as the uncertainty. This
is a reuse of the previously obtained data which saves considerable computational
cost. Therefore, robot i at the current step keeps an uncertainty representation of
Pi(k). Unfortunately, this expression is not convenient for comparison since it is
a matrix. This study provides the idea of an ‘uncertainty volume’ to evaluate the
noise and uncertainty. One knows that in an Euclidean space, the determinant of a
square matrix describes a super volume. So, we use det(Pi) to evaluate the extent
of uncertainty.
The challenge of relative observation actually implicates three aspects which are

detection, judgment and making decision. Omnidirectional Robotinos are equipped
with a ring of infrared sensors. They are capable of detecting nearby obstacles and
also other robots. The characteristic of this infrared sensor is shown in Figure 6.
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Figure 6. The characteristics curve of the infrared distance sensor

For accuracy purpose we only use the sensitive and linearizable detection range
of the sensor which is [5 cm, 10 cm]. That is to say, we only read the detection data
which corresponds to the distance of 5 cm to 10 cm away from the sensor in our
relative observation scenario, see in Figure 6 the marked range. This is so because
from experiments we noticed that the detection certainty within this range is better
than EKF localization. Hence, we believe the localization accuracy can be improved
by relative observation under this condition. So, robot i gives judgment and takes
only robots which locate 5 cm to 10 cm away from him as its relevant neighbors.
The relative observation only happens between these relevant neighbors. Infrared
sensors are in this case responsible for obtaining relative position, i.e., the x and y
directions relative distances. Relative orientation is performed via the subtraction
of absolute orientation angles of two robots relying on digital gyroscopes.
The most important process of multi-robot collaborative localization comes from

data association. One must find suitable strategies to deal with the data. Many
researches just simply skip this part or assume there exist such strategies and ver-
ify only in simulation (Gasparri, Panzieri, and Pascucci 2009; Wang et al. 2009).
Some other previous studies conducted complicated data association methods (Lee
et al. 2008; Franklin et al. 2010), however, they are difficult for practical imple-
mentations. In contrast to the methods used in other studies, the strategy taken in
this investigation is natural and easy to be implemented. Whenever a robot per-
ceives a relevant neighbor, first of all their relevance is judged according to their
distance. If they are relevant, their prediction covariances is compared. The one
that has a higher estimation uncertainty should learn from the robot who has a
better estimation belief, i.e., has lower uncertainty. One uses p̂i,EKF and p̂j,EKF to
indicate the EKF estimated poses for robot i and robot j, respectively. Similarly,
their prediction covariances are described by Pi,EKF and Pj,EKF. Relative pose is
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expressed by prel. Thus, if the pose of robot i has lower belief compare to robot j,
its learning process is governed by

ˆ̂pi = p̂j,EKF + prel (17)

in which prel contains relative position from infrared distance sensors and rela-
tive orientation obtained by gyroscopes. Observations from these sensors are then
organically integrated with the EKF estimation to update a belief state for the
positions and orientations of all the robots.
We know from the hardware characteristics that the measurement errors of in-

frared sensors and gyroscopes within the relevant range are smaller than the predic-
tion error from EKF which means (17) will result in a prediction covariance with
the values between those of relative observation and those from EKF. However,
the measurements from relative observation are independent to the measurements
involved in EKF. One has to calculate the prediction covariance from relative ob-
servation originating from infrared sensors and gyroscopes if adhering to use this
information. In addition, a scheme to associate the estimation covariances both
from EKF and relative observation is demanded, which unfortunately increases
the computational cost. Therefore, in this investigation we directly take its own
EKF prediction covariance as the current new covariance for pose estimation. Ac-
tually, this is a conservative usage and the practical situation is better. Equation
(17) in this case improves the pose estimation for robot i, what’s more, it also pos-
itively affects the robots who haven’t joined this pair of relative observation since
the corrected robot i will provides information to them during the next round of
updates.
We choose a random sequence for relative observation in the case that one robot

is relevant to several of its neighbors. During one round of relative observation, it
also requires that each robot maximally once performs effective relative observation
and correspondingly only one time of further correction is taken to the robot pose
after the EKF estimation.

5.2 Implementation Steps

The procedures of collaborative localization for one round are summarized in Al-
gorithm 1.

6. Simulation

Simulation is first performed to verify the strategies investigated in this study.
The motion of revolution half circle is taken, see Figure 7. Here four robots are

Figure 7. Graphical interpretation of simulated motion: four robots revolution half circle simultaneously
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Algorithm 1 Procedures of collaborative localization for one round

1: all robot members perform distributed EKF based localization and get their
respective pose p̂i, i = 1, 2, · · · , N

2: perform relative observations via infrared distance sensors and gyroscopes,
judge and decide relevant pairs of robots, record number of pairs np

3: randomize the index sequence of these np pairs of robots
4: for h = 1 : np do

5: if neither of the two robots in the h-th pair has been corrected by relative
observation in this round then

6: perform correction according to the information from relative observation
based on (17)

7: record the indices of these two robots in this pair
8: end if

9: end for

10: feed the further corrected robot poses to position controllers, and go to next
round of localization process

simulated with robot size, mass and so on strictly according to the real robots
to be used. Each robot keeps a desired distance of 8 cm from its boundary to its
neighbors boundaries so as to perform relative observation. Besides these, the robot
sensors like odometry, North Star measure functionality, infrared distance sensors
and gyroscopes are all mimicked. Very important, the sensor noises are considered
so as to demonstrate the simulated robot behavior as close as possible to the real
robots.
For verifying our strategies fully, three groups of localization simulation are per-

formed. The first group runs the motion without localization, the second group
localizes the robots by EKFs only, while the third group uses EKFs together with
robots relative observation. The trajectory of one representative run for each of
these three groups are shown in Figure 8.
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Figure 8. Robot trajectories of one representative run

From Figure 8(a) one can see that the four robots final positions deviate to the
positive y direction compared to our desired while in Figure 8(b) the robots deviate
to the negative y direction. In Figure 8(c) the robots show better results. Thus,
the accuracy for the desired final position is improved from the group without
localization to the groups with localization, either the EKF based group or the
group based on EKF and relative observation. However, the EKF based group
keeps a relatively non smooth trajectory in each specific run although the final
position is improved compared to the first group. This is because of the sensor
data fusion and the sensor adds noises. Some steps which keep higher prediction
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errors contribute to the non smoothnesses of the trajectory. In Figure 8(c) the steps
in red color are the ones further corrected by their neighbors based on relative
observation after the EKFs. One can see that many steps during the localization
process are performed with correction based on the information from neighbors.
After relative correction, those steps with higher prediction errors are ‘calibrated’.
To reveal the differences of localization accuracy from the different groups clearer,
the localized center positions of each step of one run are recorded, see the robots
center trajectories in Figure 9.
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Figure 9. Trajectories of robot centers

From Figure 9 one can see that the localization accuracy is clearly improved from
no localization to the localization based on EKFs. However, things can be better.
In Figure 9(b) the position fluctuation is still too big although the final localized
positions are acceptable. The accuracy is further improved by robots relative ob-
servation based on multi-source signals, see Figure 9(c). In this case, additional
signals are from infrared sensors and gyroscopes. Each group of simulations is per-
formed with 20 runs for making quantitative comparisons. Thus, their average final
positions relative to their initial positions, and their position standard deviations
correspondingly are listed in Table 1.
After simulation, the investigated strategies are next verified in experiments with

real robots.
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Table 1. Statistical results of simulation (unit: cm)

first group second group third group

robot 1
[x̄ ȳ] = [87.9 11.1] [x̄ ȳ] = [99.8 0.1] [x̄ ȳ] = [99.9 0.7]

[σx σy] = [0.5 2.6] [σx σy] = [0.3 1.2] [σx σy] = [0.1 0.6]

robot 2
[x̄ ȳ] = [86.9 13.3] [x̄ ȳ] = [99.9 1.0] [x̄ ȳ] = [99.9 0.7]

[σx σy] = [0.8 2.6] [σx σy] = [0.3 2.6] [σx σy] = [0 0.6]

robot 3
[x̄ ȳ] = [88.1 8.7] [x̄ ȳ] = [100.0 −1.6] [x̄ ȳ] = [99.7 0.6]

[σx σy] = [0.4 2.6] [σx σy] = [0.3 2.1] [σx σy] = [0.1 0.6]

robot 4
[x̄ ȳ] = [88.4 7.6] [x̄ ȳ] = [99.5 −3.0] [x̄ ȳ] = [99.7 0.6]

[σx σy] = [0.3 2.6] [σx σy] = [0.3 1.5] [σx σy] = [0.1 0.6]

7. Experiments with Real Robots

In order to focus on the relative observation and without losing generality, in the
experiments one pair of real robots is investigated and we set up three types of
robot motions, see Figure 10.

(a) Type A: forward move (b) Type B: spinning (c) Type C: revolution

Figure 10. Three types of motion performed in the experiments with real robots

From Figure 10 one can see that type A is a motion of moving forward in x
direction (desired distance 1 meter). It includes the cases of robot 2 following
robot 1 (case A-1) and two robots moving in parallel (case A-2). Motion type B
is rotating at the original position by 360 degrees (spinning). Finally, type C is a
robot revolution along a half circle while keeping the orientation unchanged.
To evaluate the proposed method, three experimental tests (I, II, III) are per-

formed on the mentioned three types of motion (A, B, C). Group I of experiments
only uses a single robot and doesn’t use EKF estimated pose for position control,
i.e., no localization process is considered. Group II also uses a single robot but
performs localization based on EKF and the localized pose is used for the closed-
loop feedback control. Finally, the third group uses two robots, robot 1 and robot
2 to perform cooperative localization through relative observation based on the
results from EKF. Through this we aim to investigate how much of our approach
can improve the localization quality. A representative experimental environment is
illustrated in Figure 11.
For each motion of each group, this study performs 20 runs. Robot 1 and robot 2

in the two robots cases keep a distance around 8 cm. This is because of the defined
relevant regions of robots due to the used infrared distance sensor. According to
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Figure 11. A representative experimental environment for collaborative localization

the modeling in Section 4, for a successful EKF based localization and position
control one has to provide the initial process noise covariance Q(0), the initial
measurement noise covariance R(0), and the initial estimate error covariance P (0).
After many trials and combining the specifications of the used sensors, in EKF
based localization and position control experiments the used initial covariances
of process and measure noise are Q(0) = diag(10−4, 10−4, (3 × π/180)2) and
R(0) = diag(6.76× 10−4, 6.76× 10−4, (7× π/180)2), respectively. They all have
the units [m2, m2, rad2]. This is so, because we experienced from many tests that
the odometry has an accuracy range about ±0.5 cm for the x and y directions
and about ±1.5◦ for the orientation error at the beginning of motion which yields
the used initial covariance Q(0) of process noise. This covariance will update since
odometry accuracy is changing as long as it moves away from its origin. Similarly,
the North Star accuracy range yields our applied measurement noise covariance
in which a bigger orientation error is used since the North Star system has a
worse measurement for the orientation at the beginning. The initial estimate error
covariance is chosen as P (0) = diag(10−4m2, 10−4m2, (π/60)2 rad2) which is
equal to Q(0). This is a reasonable choice resulting from the performed tests. The
used time step is ∆t = 0.01s. The update of noise covariance R(k) for each step is
according to the North Star noise features whileQ(k) is based on the measured data
from odometry. During experiments, the basic speed was set to around 200mm/s.

8. Results and Analysis

In this study, localization is used for robot pose control. After 20 runs for each of
the desired motions, their corresponding averaged results are listed in Table 2. The
results in this table show the final averaged actual positions or orientations relative
to their initial poses, from which one can know that the positioning accuracy is
improved by using EKF and further improved by relative observation. However,
the orientation error is still too big after EKF sensor data fusion, e.g. in type B in
the second group of experiments. The standard deviation also show its oscillating
performance, see e.g. in type C of the second group. The oscillating feature was
also verified in our simulations in Section 6 for the EKFs based group. This kind
of accuracy is significantly improved by relative observation in the third group of
experiments, see the results in Table 2.
Taking an example from motion type A, in Table 2 the concerned movement of
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forwarding in x direction is recorded and compared. Results show that improve-
ments are significant in which the final position in average is improved from 91.9 cm
for the group without localization to 99.9 cm for the group based on EKF. The ac-
curacy is further improved for robot 1 in the third group where one pair of robots
have performed relative observation. Correspondingly, the standard deviation σx
decreases from 5.1 cm to 0.6 cm while in the third group it remains in a small range
with average around 0.7 cm.

Table 2. Statistical results of experiments with real robots

type first group second group third group

x̄1 = 100.0

follow
σx1

= 0.8

A
x̄ = 91.9 x̄ = 99.9

x̄2 = 99.5

(move 1 meter σx2
= 1.0

in x direction,
σx = 5.1 σx = 0.6

x̄1 = 100.1

unit: cm)
parallel

σx1
= 0.5

x̄2 = 100.1

σx2
= 0.6

B
φ̄ = 325.9 φ̄ = 355.4

φ̄1 = 358.9

(rotate at σφ1
= 1.6

original,
σφ = 5.1 σφ = 1.7

φ̄2 = 360.6

unit: ◦) σφ2
= 1.7

C [x̄ ȳ] = [x̄ ȳ] = [x̄1 ȳ1] = [100.3 0.8]

(revolution half [88.0 7.2] [99.3 −1.3] [σx1
σy1

] = [0.8 0.5]

circle, [σx σy] = [σx σy] = [x̄2 ȳ2] = [100.0 0.8]

unit: cm) [3.6 9.1] [0.9 3.7] [σx2
σy2

] = [0.8 0.5]

Compared to robot 1, robot 2 has a slight deterioration in case A-1. In case
A-2 the robots move in parallel and reach relatively better results compared to
case A-1 where robots move one after the other. The reason is that in case A-2
each robot has more infrared sensors joined for relative observation due to the
hardware installation and robots relative position in different cases. Compared to
the simulation, the correction from relative observation in the experiments is more
effective. The reason is probably because the relative correction on real robots
handles more uncertainties which haven’t been considered in simulation. Actually,
deviations not only happen in the main direction of the motions, e.g., in type A
motion robots also have deviations in y direction and orientation. The relative
observation based group demonstrates superior performance on this aspect, too.
For example, from Table 2 one already knows that a single robot’s localization
accuracy based on EKF is comparable to the localization performance from the
EKF and relative observation mixed group. However, those two robots relative
observation cases show better results in y direction and orientation. Next, we choose
randomly one of the runs from motion A. In our analysis, it is assumed that position
controllers can exactly command the robot to the localized position, thus final
deviations are considered to be only due to the localization inaccuracy, rather than
due to the position controller. Under this assumption, one can take the localized
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poses as robots actual poses.
Figures 12 and 13 show the deviation in y direction and the orientation deviation

of a single robot over time, respectively, for motion type A based on EKF local-
ization. The deviation in y direction falls in the range of [−2 cm, 0.4 cm] while ori-
entation errors are within [−2.8 ◦, 6.4 ◦]. Similarly, for these two dimensions results
for the collaborate two robots relative observation cases are also demonstrated, see
Figures 14-21.
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Figure 12. Deviations of y direction of motion type
A, single robot localization based on EKF
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Figure 13. Orientation deviations of motion type
A, single robot localization based on EKF

Figures 14-17 present two robots deviations in y direction and orientation of one
of 20 runs in case A-1, i.e., one moves after the other. Deviations in y direction of
robot 1 are reduced to the range of [−0.7 cm, 0.4 cm], see Figure 14, while orien-
tation errors almost decrease to only half of the errors from the single robot EKF
based localization. The results of robot 2 in case A-1 is slightly inferior to robot
1. However, it is better than those single robot cases, see details in Figures 16 and
17.
For comparisons, this study also extracts the data of two robots moving parallel

in x direction based on their own EKF localization and combined with relative
observation. As mentioned previously, due to different numbers of sensors joined
for relative observations the robots parallel move obtains better localization quality
compared to the case of one moves after the other. This is also visible in Figures 18
and 19 in which deviations of robot 1 are shown while performances of robot 2 are
revealed in Figures 20 and 21.
Similarly, considerable improvements can also be demonstrated in motion types

B and C, see the statistics in Table 2. Results obtained from experiments with
real robots show that the proposed methods are feasible and robots collaborative
localization based on relative observation reaches a better accuracy. It approxi-
mately reduces the variation range to half of the no collaboration cases, and with
more data centralization compared to EKF based method. The proposed EKF
and relative observation based method can realize multi-robot localization with a
promising accuracy. The uncertainties can be effectively reduced compared to the
motions without collaboration.
Distinguishing from other researches which also focus on omnidirectional mo-

bile robot localization like (Wu 2005) and (Liu et al. 2008), this study pays more
attention to swarm behavior, i.e., cooperative localization of omnidirectional mo-
bile robots in a systematic way. Comparing to (Eberhard and Tang 2013) where
the odometry correction is used before using EKF, this study uses measurements
from a variety of sensors for improving the localization through EKF and relative
observation under a natural mixture scheme.
Traditionally, many schemes also fuse the multiple sensors signals directly. For
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Figure 14. Deviations y direction of robot 1 in case
A-1
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Figure 16. Deviations y direction of robot 2 in case
A-1
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Figure 17. Orientation deviations of robot 2 in
case A-1
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Figure 18. Deviations y direction of robot 1 in case
A-2
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Figure 19. Orientation deviations of robot 1 in
case A-2
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Figure 20. Deviations y direction of robot 2 in case
A-2
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example, in this application researchers also can directly fuse data from odome-
try, North Star and gyroscope. We have tested this scheme in our experiments,
too. However, the results are not so appreciated, particularly for long-term run-
ning. The reason is quite clear for us. Relative observation in our case is mainly
used to improve the localization belief (certainty), rather than to improve the ac-
curacy of localization itself. If gyroscope joins the data fusion directly, it won’t
contribute to the improvement of localization beliefs (certainties) of x and y po-
sitions. It actually only improves the orientation estimation. Whereas, by using
our proposed ‘uncertainty volume’ strategy and letting the gyroscope for external
relative measurement, the further corrections of position and orientation are cou-
pled and positively mutual affected, i.e., it increases the localization certainty for
both translational x and y positions, and orientation as well. This improvement
becomes more significant when the robots perform a long-term running. Besides
this, our study wants to keep the advantage of less computational cost. The situ-
ation of more sensors directly join for the data fusion will inevitably increase the
calculation burden which is not pursued by us. Otherwise, many mature solutions
introduced in Section 2 will be already the good choices.

9. Conclusions

This paper investigates the robot localization issue, particularly oriented to multi-
robot collaborative localization. For this purpose a method based on EKF for a
single robot is developed, and then a distributed EKF and relative observation com-
bined approach has been outlined. For updating the robots beliefs during relative
observation, the idea of an ‘uncertainty volume’ is provided. Both the simulation
and experimental results from no localization, pure EKF localization and EKF-
relative observation based cooperative localization are compared. This confirmed
the feasibility of an EKF-relative observation mixed methodology. From the com-
parison, one can see that the proposed technique shows promising results when
compared with those only based on EKFs without collaboration. The reduction of
computational complexity is also considered where a conservative update scheme
for the prediction covariance is used. This is highly beneficial in real world appli-
cations where robots need to actually perform tasks rather than just to localize
precisely. The implementation details like process and measurement noises show
their reference value, too. Through the distributed EKF and relative observation
this study constitutes a means for fusing measurements collected from a variety of
sensors with lower burden of communication and processing requirements. It gives
a contribution in the direction of robot localization which is one of the main re-
quirements for mobile robots. It is the hope of this study that such an EKF-relative
observation mixed investigation can be taken as a new realization for multi-robot
collaborative localization.
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