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Abstract— The performance of mobile multi-robot systems
dramatically depends on the mutual awareness of individ-
ual robots, particularly the positions of other robots. GPS
and motion capture cameras are commonly used to acquire
and ultimately communicate positions of robots. Such sensing
schemes depend on infrastructure and restrict the capabilities
of a multi-robot system, e.g., the robots cannot operate in
both indoor and outdoor environments. Conversely, peer-to-
peer localization algorithms can be used to free the robots
from such infrastructures. In such systems, robots use on-
board sensing to infer the positions of nearby robots. In this
approach, it is essential to have a model of the motion of
other robots. We introduce a flocking localization scheme that
takes into account motion behavior exhibited by the other
robots. The proposed scheme depends only on the robots’ on-
board sensors and computational capabilities and yields a more
accurate localization solution than the peer-to-peer localization
algorithms that do not take into account the flocking behavior.
We verify the performance of our scheme in simulations and
demonstrate experiments on two unmanned aerial vehicles.

I. INTRODUCTION

Multi-robot systems (MRS) can outperform single robot
systems in a variety of metrics. To effectively interact with
the environment and carry out a given task efficiently, robots
in MRS must have situational awareness, which requires
accurate localization of the other robots in the system [1], [2].
In MRS, a typical localization solution is to equip every robot
with GPS receivers to acquire absolute positions. However,
this method requires continuous communication within the
MRS, which may not be desirable for large networks due to
the bandwidth constraints in the communication channels [3],
[4]. Also, GPS shows low performance in indoor applications
and occluded areas [5].

Recent developments in on-board sensing and computa-
tional units have enabled the real-time implementation of
simultaneous localization and mapping (SLAM) applications
[6], [7]. For instance, references [8] and [9] introduce an
algorithm that produces real-time full dense visual maps,
but their methods impose a high computational burden that
restricts its applicability in mobile robotic systems with
limited processing power. For mobile robotic systems, ref-
erence [10] proposes the non-iterative SLAM (NI-SLAM)
algorithm that is computationally light, but the algorithm
has a setback of accumulating visual drifts in the long
run. The visual drifts can be reduced by using loop-closure
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algorithms that necessitate more computational power [11],
[12]. Reference [13] uses on-board ultra-wideband (UWB)
distance measurements and depth camera data in an extended
Kalman filter (EKF) to improve the performance of NI-
SLAM.

Cooperative localization makes use of relative measure-
ment of the robots as feedback to refine the joint pose
estimate of the MRS which can be done in a centralized
or decentralized manner [1], [5], [14]. Although centralized
cooperative localization (CCL) is accurate and easily im-
plementable, it has a single point of failure and imposes
high communication costs, making the decentralized cooper-
ative localization (DCL) more desirable [14]. However, it is
challenging to design an algorithm that maintains consistent
communication and computational costs while maintaining
an excellent joint pose estimate [5], [14], [15].

UWB sensors provide omnidirectional distance measure-
ments with high precision [5], [13], [16]–[18]. A con-
ventional approach is to use a set of UWB antennas as
anchors with known locations and estimate the location of a
UWB sensor onboard a robot by optimization or geometric
methods, as in motion capture camera systems [16], [17]. Re-
cently, references [19]–[21] installed UWB anchors onboard
the robots to localize other robots in the MRS, i.e an onboard
anchor configuration. The resulting configuration possesses
several drawbacks such as (i) the increased uncertainty due
to moving anchors, (ii) short inter-anchor distances as a
result of onboard configuration, and (iii) lack of a global
reference entity. Nevertheless, satisfactory estimation results
are demonstrated with filtering methods in [21], [22].

Most localization algorithms do not make use of the
behavioral characteristics exhibited by the robots in an MRS.
If robots work together collaboratively, they tend to move
together in close vicinity and, in some settings, follow each
other [1], [14]. This characteristic, called flocking, occurs
in natural phenomena like in flocks of birds or a school of
fish. This work aims to develop a localization scheme called
the flocking localization algorithm that explores the flocking
behavior of robots in MRS. To quantify the improvement in
performance, the flocking localization algorithm is compared
to the drift localization scheme which is another localiza-
tion scheme that does not explore the flocking behavior of
robots. Both the flocking and drift localization algorithms
use three anchor UWB sensors and on-board computational
units mounted on both the anchor (localizing robot) and the
tag (localized robot). It is assumed that the tag employs a
flocking control system that makes it continuously follow
the anchor drone. In this setup, the flocking localization al-
gorithm captures the behavior of the tag robot more than the
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drift localization algorithm and thus, makes better estimates
of the states of the tag robot even in the presence of noise
in the measurements, as shown in later sections.

Also, there is no explicit communication between the
anchor and the tag, making the algorithm infrastructure-
independent and ideal for usage in both indoors or outdoors
scenarios [21], [22].

The remainder of the paper is organized as follows. Sec-
tion II will explain the problem setup and some theoretical
background related to the problem. The proposed localization
algorithm is introduced in Section III. Simulation setup and
results are shown in Section IV. The experimental imple-
mentation and results are presented in Section V. Finally,
we discuss and analyze the results in Section VI and present
concluding remarks in Section VII.

II. PROBLEM SETUP

We consider a system of two robots as shown in the Figure
1 below: The anchor robot Ra and the tag robot Rt . The
robots operate on a 2D Euclidean plane whose fixed inertial
coordinate frame is denoted by F0. The body frames of the
robots originated at the centers of Ra and Rt are denoted by
Fa and Ft , respectively. The positions of Ra and Rt with
respect to the inertial coordinate frame F0 are r0

a|0 = (xa,ya)

and r0
t|0 =(xt ,yt), respectively. The velocity of the anchor and

the tag with respect to the inertial coordinate frame expressed
in inertial coordinate frame are v0

a|0 = (vax,vay) and v0
t|0 =

(vtx,vty).

r0
t|0

r0
a|0

ra
t|a

v0
t|0

v0
a|0

Rt

Ra

d1 d2 d3

Ft

Fa

F0

Fig. 1. Kinematic model of system of two robots

The discrete-time holonomic kinematic models of the
anchor robot Ra and the tag robot Rt is expressed as follows:

r0
a|0[k+1] = r0

a|0[k]+v0
a|0[k]∆k+ w̄a,0, (1)

v0
a|0[k+1] = v0

a|0[k]+ w̄a,1, (2)

where w̄a,0 ∈ℜ2 and w̄a,1 ∈ℜ2 are noise vectors, and ∆k is
the time step. The motion of the tag robot Rt is given by the
Equations (1) and (2) with the subscript a replaced by t.

Three UWB sensors are rigidly attached on the anchor
robot Ra at known positions ra

i|a = (xa
i ,y

a
i ) in frame Fa,

where i = {1,2,3} [21]. The position of the UWB anchors
can be expressed in the inertial frame as follows:[

r0
i|0
1

]
=

[
C0

a r0
a|0

0> 1

][
ra

i|a
1

]
, (3)

where C0
a is the rotation matrix from Fa to F0.

The tag drone Rt has a UWB sensor at the center of
the body frame Ft . Let the distance measurements between
UWB anchor i on Ra and the UWB sensor on Rt be denoted
by

di =
∥∥∥r0

i|0− r0
t|0

∥∥∥
2
+N (0,σ2), (4)

where N (0,σ2) denotes Gaussian noise with zero mean and
variance of σ2.

We assume that the tag robot moves based on two modes
M = {Flocking, Drift}. When the tag robot moves
based on the Flocking mode, it follows the anchor robot
by maintaining a constant relative position with respect to
the anchor robot. On the other hand, when the tag is moving
in the Drift mode, it moves with random velocity.

In our design process, we assume that the tag robot is in
Flocking mode. We will develop a peer-to-peer localiza-
tion scheme called the flocking localization scheme which
takes into account the flocking behavior of the tag robot
in estimating the states of the tag drone. This work com-
pares the performance of the flocking localization scheme to
another localization scheme called drift localization scheme
that does not take into account the flocking behavior of the
tag robot in estimating the states of the tag robot. The state
of the tag robot is a vector having the position of the tag
robot and the velocity of the tag, which can be expressed as
follows:

x0
t =

[
r0

t|0 v0
t|0

]>
.

The estimate of the state of the tag, x0
t , with respect to the

inertial frame, F0, requires the knowledge of the position
of the anchor robot, r0

a|0. Most of the applications require
only relative position of the tag with respect to the anchor
drone, in which case the frame F0 is merged with frame
Fa. Consequently, r0

a|0 = 0 and C0
a = I4. Therefore, from

Equation (5) below:

r0
t|0 = C0

ara
t|a + r0

a|0. (5)

Substituting r0
a|0 = 0 and C0

a = I4 in Equation (5), we will
have:

r0
t|0 = ra

t|a.

Taking the derivative of Equation (5) with respect to time
and doing the same manipulations will give the following
results:

v0
t|0 = va

t|a.

The state of the tag robot with respect to the anchor robot,
xa

t , or simply xt will be a vector containing the relative
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position and velocity of the tag robot with respect to the
anchor drone:

xt = xa
t =

[
ra

t|a va
t|a

]>
.

Our goal is to estimate the state xt of the tag robot Rt with
respect to the anchor robot by using the on-board capabilities
of robot Ra. Particularly, we define the estimation problem
as follows: Given the motion models of robots Ra and Rt ,
the three distance measurements d1,d2,d3, the on-board IMU
measurements, and the motion mode of the robot, where M
is Flocking mode, generate the estimate of the state x̂t of
the tag robot Rt that includes relative position and velocity
of the tag robot.

The best tag state estimate, x̂t , is the one with the
minimum error that is defined by ‖e‖= ‖xt − x̂t‖.

III. ON-BOARD PEER-TO-PEER LOCALIZATION
ALGORITHMS IN 2D

Robot Ra estimates the states of robot Rt by utilizing the
UWB anchors and a computational unit attached on-board
robot Ra, without any explicit communication between Ra
and Rt . We will present two localization algorithms, each of
which corresponds to the Flocking mode and the Drift
mode. The two models differ only on the prediction model in
the Kalman filter. The estimation of the flocking localization
model takes into account the flocking behavior of the tag
drone, while the estimation of the drift localization model
assumes a random motion model of the tag robot, Rt .

We present the block diagram of our localization algo-
rithms in Figure 2. First, the three distance measurements,
d1,d2,d3, between the three UWB anchors on robot Ra
and the UWB tag sensor on robot Rt , are acquired. Using
the three distance measurements, the Trilateration block
generates a rough estimation of the position of the tag sensor,
zk, which is then fed to the Kalman filter in the Correction
block as the measurement model. Then, the Correction
block produces the estimate xk|k for the tag robot’s state.
Remarkably, the Flocking mode and the Drift mode
use different Prediction models in the Kalman filter, which
we explain in the following sections in more detail.

A. Trilateration

In this phase, we estimate the tag robot’s position by using
the noisy raw distance measurements, di, acquired from the
UWB sensors. Substituting the positions of the three UWB
anchors r0

i|0 = (xi,yi) in (4) yields

Akpk = bk,

where

Ak =

x1 y1 − 1
2

x2 y2 − 1
2

x3 y3 − 1
2

 , bk =

 1
2 (x

2
1 + y2

1−d2
1)

1
2 (x

2
2 + y2

2−d2
2)

1
2 (x

2
3 + y2

3−d2
3)

 ,
pk =

 xt
yt

x2
t + y2

t

 .

Fig. 2. Block diagram of the on-board peer-to-peer localization algorithms

Notably, since the distance measurements are noisy, this
system of equations might not have a unique solution p̂k. We
find the estimate of p̂k that minimizes the following objective
function:

p̂k = argmin
pk
‖Akpk−bk‖2

2,

which is a linear least square problem with the closed form
solution [19], [20]:

p̂k =
(

Ak
>Ak

)−1
A>k bk. (6)

Linear least squares technique is known to be susceptible
to outlier measurements. An exponential smoothing tech-
nique is applied to avoid abrupt jumps between consecutive
data points in a signal [20]. Consider the following exponen-
tial smoothing function:

sk =

{
p̂k, k = 0
γ · p̂k +(1− γ) · sk−1, k > 0 (7)

where sk is the smooth position estimate value at time step
k, and γ is a scalar value between 0 and 1.

We extract the measured position of the tag robot as the
first two elements of the vector sk as follows:

zk = [sk(1),sk(2)]>.

B. Estimation Algorithm

The estimation of the states of the tag robot is done using
the Kalman filter [23]. The Kalman filter consists of two
main phases, the Prediction phase, and the Correction phase.

1) Prediction Phase: We use two discrete linear models
to describe the motion of the tag robot in this phase [20],
[23].

a) Drift Localization Model: In this model, robot Ra
assumes that robot Rt does not try to form a flocking behavior
with itself. To represent this framework, we use the following
discrete difference equation as the motion model for the tag
drone:

vt,k|k−1 = vt,k−1|k−1 +ηd , (8)
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where the tag drone is assumed to meander around the
anchor drone with a bounded, random acceleration input,
ηd , sampled from the Gaussian Distribution N (0,σ2

d ) [19].
The position of the tag robot is described as follows [20]:

rt,k|k−1 = rt,k−1|k−1 +∆t ·vt,k−1|k−1. (9)

Equations (8) and (9) are used as the discrete linear
models in the Kalman filter. Using the drift model and the
trilateration algorithm together, the Kalman filter formulates
the drift localization algorithm.

2) Flocking Localization Model: In this model, we as-
sume that the tag robot Rt tries to follow the anchor drone
at a constant relative position, which can be described using
the following differential equation:

dvt

dt
= α (va−vt +w) , (10)

where α > 0 is a scalar multiplier and w is the uncertainty
in the dynamics of the tag robot which is assumed to be
Gaussian noise N (0,σ2

f ), with mean zero and standard
deviation σ f . Equation (10) is discretized to obtain equation
(11) below:

vt,k|k−1 = (1−α ·∆t)vt,k−1|k−1 +α ·∆t ·va,k−1|k−1

+α ·∆t ·wk−1. (11)

Refer to Equation (9), which describes the position of the
tag robot.

Equations (9) and (11) are used as the discrete linear
models in the Kalman filter. Using the flocking model and the
trilateration algorithm together, the Kalman filter formulates
the flocking localization algorithm.

The following equation [23] gives the prior prediction of
the error covariance matrix:

Pk|k−1 = FkPk|k−1F>k +Qk, (12)

where Pk|k ∈ ℜ4×4 is a positive definite matrix that is
initialized as σ2

pI4 [19], [23], and the matrix Qk ∈ ℜ4×4

describes the process noise covariance matrix. For simplicity,
we set Qk = σ2

q I4 [23]. Finally, Fk is obtained from the
discrete linear models. For the drift localization model, Fk
is set as follows:

Fk =


1 0 ∆t 0
0 1 0 ∆t
0 0 1 0
0 0 0 1

 . (13)

On the contrary, for the flocking localization model, Fk is
set as follows:

Fk =


1 0 ∆t 0
0 1 0 ∆t
0 0 1−α ·∆t 0
0 0 0 1−α ·∆t

 . (14)

3) Correction: In this phase, the data obtained from the
noisy measurements is used to refine the state estimation
obtained in the prediction phase.

First, the optimal Kalman gain is obtained using the
following equation [23]:

Kk = Pk|k−1H>k
(

HkPk|k−1H>k +Rk

)−1
, (15)

where Hk ∈ℜ2×4 is an observation matrix written as

Hk =

[
1 0 0 0
0 1 0 0

]
.

Also, Rk ∈ℜ2×2 is an observation noise covariance matrix
which, for simplicity, is set as Rk = σ2

r I2.
The error covariance matrix is corrected using the optimal

Kalman gain, as shown in the equation below:

Pk|k = (I−KkHk)Pk|k−1. (16)

The prior state estimate is refined using the optimal
Kalman gain to obtain the posterior state estimate as shown
in the equation below [19], [20]:

x̂k|k = x̂k|k−1 +Kk
(
zk−Hkx̂k|k−1

)
. (17)

The observability matrix of the linear systems is defined
as:

O = [Hk,HkFk,HkF2
k ,HkF3

k ]
>.

The rank of the observability matrix O is 4 for both
flocking and drift localization algorithms. Therefore, the full
state of the system can be estimated from the measurement
obtained from the Trilateration Stage III-A.

IV. SIMULATION RESULTS

We simulated the drift and flocking localization algorithms
with the Robot Operating System (ROS) framework and
Gazebo. In the simulations and experiments, we used two
drones. The localizing drone, Ra, had three UWB anchors
set at known positions on the drone: [0.34m,0]T , [0,0]T

and [0,0.34m]T . The UWB sensors were simulated to be
providing noisy distance measurements in which the noise
was assumed to be Gaussian distribution, N (0,0.052). In
the experiment, the noise characteristics of UWB sensors
were obtained using a method described in [21].

Figure 3 shows the simulation and experimental setup
where the anchor drone was controlled using the joystick,
which sends velocity commands to the anchor drone. We
assume that the fast dynamics of the drones are controlled
using the flight controller, which is the PX4 through the
mavros. This anchor drone, Ra, was localizing another drone
called the tag drone, Rt . The tag drone is following the anchor
drone by executing the following control law described in
Equations (18)-(22). This control law aims at maintaining
a constant distance between the tag and the anchor drone
[24], [25]. First, the error between the desired distance, dx,,
dy, and the actual distance between the drones in both x and
y directions is calculated as shown in Equation (18) and (19).
The actual distance between the anchor, Ra, and tag, Rt , is
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Fig. 3. Simulation and experimental setup

obtained from the ground truth data in the simulation and
the motion capture (Mocap) system in the experiment.

Fig. 4. Position estimate using flocking localization algorithm in simula-
tions

edx = dx−‖xt − xa‖2 , (18)

edy = dy−‖yt − ya‖2 . (19)

Then, PI control law is used to calculate the velocity
commands given to the tag drone [24]:

v0
tx,c =−sgn(xa− xt)×

(
Kpedx +Ki

∫ t

0
edxdt

)
, (20)

v0
ty,c =−sgn(ya− yt)×

(
Kpedy +Ki

∫ t

0
edydt

)
, (21)

where the values of the proportionality constant Kp and
integral constant Ki were manually tuned to obtain the best
performance. In the simulations, setting Kp and Ki as 1.3 and
0.06 respectively, resulted to a settling time of 2 seconds and
Percentage overshoot of 10%.

The above control law gave velocity commands in the
inertial coordinate frame which have to be transformed to

Fig. 5. Position estimate using drift localization algorithm in simulations

Fig. 6. Velocity estimate using flocking localization algorithm in simula-
tions

Fig. 7. Velocity estimate using drift localization algorithm in simulations
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UWB Tag

Fig. 8. Tag drone

UWB Anchors

Fig. 9. Anchor drone

the coordinate frame of the tag drone as follows [26]:[
vt

tx,c
vt

ty,c

]
= Ct

0

[
v0

tx,c
v0

ty,c

]
, (22)

where Ct
0 is the rotation matrix from F0 to Ft

The velocity commands calculated above are given to the
flight controller as the high-level commands in the tag drone,
Rt .

The drift and flocking localization algorithms in the sim-
ulations were subjected to several experiments in which dif-
ferent parameters of the Kalman filter (the scalar multipliers
of the measurement noise, the process noise, and the error
covariance matrices) were changed. The anchor drone was
made to follow some random path using the joystick while
localizing the tag drone, and the tag drone was following the
anchor. The results of tag state estimations using the flocking
and drift localization algorithms in simulations are seen in
Figures 4, 5, 6 and 7.

V. EXPERIMENTAL IMPLEMENTATION

The same setup made in the simulations shown in Figure 3
was built using real drones. The drones shown in Figures 8,
and 9 used Odroid computers as the companion computers,
PX4 as a flight controller, and LIDAR was used for altitude
control. The motion capture system was used to provide
ground truth data, which will be used for the comparison of
the drift and flocking localization algorithms. Also, the mo-
tion capture system was used by the tag drone to provide the

Fig. 10. X position estimation using the drift and flocking localization
algorithms.

Fig. 11. Y position estimation using the drift and flocking localization
algorithms.

Fig. 12. X component of tag drone velocity estimated using the drift and
flocking localization algorithms.
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Fig. 13. Y component of tag drone velocity estimated using the drift and
flocking Localization algorithms.

TABLE I
EFFECT OF CHANGING THE STANDARD DEVIATION σ f IN THE MODEL OF

FLOCKING LOCALIZATION ALGORITHM

σ f

RMSE in Position
Estimate (m)

RMSE in velocity
Estimate (m/s)

xt yt vtx vty
0.001 0.0456 0.0646 1.3981 1.4355
0.01 0.0579 0.0709 1.4026 1.4474
0.1 0.1097 0.1306 1.4585 1.5680
1 0.1136 0.1352 3.5964 4.1857
10 0.1136 0.1353 32.4112 36.3719

position feedback to ensure that it exhibits flocking behavior
by following the anchor drone. The 3 Decawave 1000 UWB
sensors set as anchors were attached on the anchor drone at
positions [0.35m,0]T , [0,0]T , and [0,0.35m]T ; these sensors
were used to localize another Decawave 1000 UWB sensor
set as a tag mounted on the center of the tag drone.

The parameters of the Kalman filter were changed in both
the drift and flocking localization algorithms to see how they
affect the accuracy of the tag drone state estimations. The
state estimations of the tag drone produced by the drift and
flocking localization algorithms were recorded along with
other relevant data (to be used) for analysis using the rosbags.
Figures 10, 11, 12, and 13 show the state estimation obtained
using the drift and flocking localization algorithm. Also, the
figures show the plots of the real states of the drone obtained
from the motion capture system and the flight controller.

VI. DISCUSSION

First, we will discuss the effect of changing the standard
deviation, σ f , that is used to parameterize the uncertainty of
the dynamics of the tag drone in Equation (10). From Table
I, it was observed that: (i) high σ f results in high root mean
squared error (RMSE) values in state estimation, (ii) setting
σ f value low is equivalent to assuming that the tag drone is
in Flocking mode with high confidence, and (iii) since the

TABLE II
EFFECT OF CHANGING THE SCALAR MULTIPLE OF THE ERROR

COVARIANCE MATRIX IN THE TAG DRONE STATE ESTIMATIONS

σp

RMSE in Position
Estimate (m)

RMSE in velocity
Estimate (m/s)

Flocking Drift Flocking Drift
3.1622 0.2299 0.2253 0.1069 0.2324
1 0.2131 0.2449 0.0953 0.2196
0.3162 0.2307 0.2310 0.0882 0.2254

TABLE III
EFFECT OF CHANGING THE SCALAR MULTIPLE OF THE PROCESS NOISE

COVARIANCE MATRIX IN THE TAG DRONE STATE ESTIMATIONS

σq

RMSE in Position
Estimate (m)

RMSE in velocity
Estimate (m/s)

Flocking Drift Flocking Drift
0.001 0.2131 0.2448 0.0953 0.2196
0.01 0.2197 0.2458 0.1125 0.2883
0.1 0.3228 0.3244 0.1127 0.3439

tag drone is actually in Flocking mode in the experiments,
setting the value of σ f low, gives the better state estimations.

Now, we will discuss the effect of changing the different
parameters of the Kalman filter in turn while keeping other
parameters constant.

By observing Table II, it was found that changing the
multiplier of the error covariance matrix, σp, did not cause
much difference in the value of the RMSE of the tag
drone estimations when the other parameters of the Kalman
filter were kept constant. However, it was observed that the
flocking localization scheme produced estimates with lower
RMSE compared to the drift localization scheme.

As seen in Table III, changing the values of the multiplier
of the process noise covariance matrix, σq had the following
effects on the localization performance: (i) when the values
of σq are set low, the flocking localization scheme produced
very accurate state estimations compared to the drift localiza-
tion scheme, and (ii) high values of σq resulted in reliance on
noisy measurements for state estimation, and thus reducing
accuracy for both of the localization algorithms.

In Table IV, modifying the value of the multiplier of the
observation covariance matrix, σr, also had effects on the
localization performance: (i) low σr values result in high
RMSE values in the state estimates, (ii) the flocking local-
ization algorithm produced better state estimates compared

TABLE IV
EFFECT OF CHANGING THE SCALAR MULTIPLE OF THE OBSERVATION

NOISE COVARIANCE MATRIX IN THE TAG DRONE STATE ESTIMATIONS

σr

RMSE in Position
Estimate (m)

RMSE in velocity
Estimate (m/s)

Flocking Drift Flocking Drift
0.005 0.2235 0.2359 0.1152 0.2719
0.05 0.2131 0.2448 0.0953 0.2196
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to the drift localization when σr was set high, and (iii) the
best performance was obtained when σr was the same as the
actual value of noise used to simulate the UWB sensors in
the simulation.

VII. CONCLUSION

We have proposed a real-time, distributed localization
algorithm that takes into account the flocking behavior of
robots present in MRS. The flocking localization algorithm
was shown to produce more accurate state estimations of
the tag robot compared to the drift localization algorithm
which does not take into account the flocking behavior of the
robots in the MRS. The localization algorithms were shown
to depend only on the UWB sensors mounted on the robots
and on-board computational units. There was no explicit
communication between the robots. Also, the algorithm does
not depend on the fixed infrastructure like the Mocap system
and GPS, and thus makes it perfect for both indoor and
outdoor applications. The flocking localization algorithm
produced very accurate state estimations, which can be
reliably used as feedback for different systems, especially
when the system does not involve very aggressive maneuvers
like in collaborative lifting. The possible extensions are to
generalize the algorithm to 3D position estimation and to
incorporate visual systems in the estimation of the states of
the tag drone.
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