
10066 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 10, OCTOBER 2025

Onboard Ranging-Based Relative Localization and
Stability for Lightweight Aerial Swarms
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Abstract—Lightweight aerial swarms have potential applica-
tions in scenarios where larger drones fail to operate efficiently. The
primary foundation for lightweight aerial swarms is efficient rela-
tive localization, which enables cooperation and collision avoidance.
Computing the real-time position is challenging due to extreme
resource constraints. This letter presents an autonomous relative
localization technique for lightweight aerial swarms without infras-
tructure by fusing ultra-wideband wireless distance measurements
and the shared state information (e.g., velocity, yaw rate, height)
from neighbors. This is the first fully autonomous, tiny, fast, and
accurate relative localization scheme implemented on a team of 13
lightweight (33 grams) and resource-constrained (168 MHz MCU
with 192 KB memory) aerial vehicles. The proposed resource-
constrained swarm ranging protocol is scalable, and a surprising
theoretical result is discovered: the unobservability poses no issues
because the state drift leads to control actions that make the state
observable again. By experiment, less than 0.2 m position error
is achieved at the frequency of 16 Hz for as many as 13 drones.
The code is open-sourced, and the proposed technique is relevant
not only for tiny drones but can be readily applied to many other
resource-restricted robots.

Index Terms—Swarm robotics, automation at micro-nano scales,
localization.

I. INTRODUCTION

W ITH rapid progress in electronic manufacturing, increas-
ingly lightweight aerial vehicles are becoming a part of

our daily lives. These lightweight aerial vehicles and swarms [1]
have found unique applications in scenarios where larger drones
fail to operate efficiently due to size constraints and higher
risk factors. Examples include conducting cooperative rescue
operations within buildings, cooperative mapping in narrow
spaces, cooperative exploration in unknown environments and
closely following humans. A primary foundation for lightweight
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aerial swarms is efficient relative localization, which enables
collaborative cooperation and collision avoidance. However,
how to compute the real-time position within the swarm is quite
challenging, because lightweight aerial vehicles are extremely
constrained in resources. For example, a typical off-the-shelf
lightweight aerial vehicle, Crazyflie 2.1 from Bitcraze, is less
than 10 centimeters and weights only 33 grams, and it carries a
168 MHz microcontroller unit (MCU) with only 192 KB mem-
ory, extremely constrained on both computation and memory
resources.

Recent advancements indicate that wireless ranging-based
relative positioning in lightweight aerial swarms is a promising
approach. Nevertheless, several significant challenges remain
to be addressed. First, there are no existing ranging protocols
that support a large number of vehicles to range simultaneously
for resource-constrained large-scale swarms. Second, traditional
methods necessitate prior knowledge of the vehicle’s location,
a requirement that is impractical for many lightweight aerial
vehicle applications. Third, there are considerable parts of the
relative state space that are unobservable, meaning that the filter
may not converge to the true state. How the unobservable part
affects the localization is unknown.

In this letter, we propose a novel onboard Ultra-Wideband
(UWB) wireless ranging-based autonomous relative localization
technique, for which we study the challenges mentioned above.
Contributions involve: 1) the first fully autonomous, tiny, fast,
and accurate relative localization scheme implemented on a
team of 13 lightweight (33 grams) and resource-constrained
(168 MHz MCU with 192 KB memory) aerial vehicles, and they
perform fully onboard relative localization in an indoor environ-
ment; 2) the proposed resource-constrained ranging protocol can
enable large-scale swarms to perform fast and stable communi-
cation and ranging, e.g., 16 Hz ranging communication for 13
aerial vehicles and is scalable; 3) a surprising theoretical result
is discovered and validated: the unobservability poses no issues
because the state drift and sensory noise lead to control actions
that make the state observable again, and this self-regulated es-
timation convergence is validated by simulation and real-world
experiments. 4) public release of the code to the community. It
can be run on off-the-shelf Crazyflie quadrotors by peers.

II. RELATED WORK

Localization methods have been widely studied due to their
critical importance in enabling accurate positioning and co-
ordination among autonomous agents. Traditionally, the lo-
calization method employed for conventional aerial vehicles
has been dependent on external positioning systems. In [2],
30 drones exhibit outdoor flocking behavior by relying on a
Global Navigation Satellite System (GNSS) for positioning.
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However, lightweight aerial vehicles often operate in indoor or
confined areas where it is impossible to receive signals from
external positioning systems like GNSS. Alternatively, some
indoor positioning systems rely on beacons or anchors to provide
localization information for aerial swarms [3], [4], [5]. However,
these external systems need to be deployed in advance, which is
impractical in dangerous or unknown areas.

Another method relies on vision, utilizing simple patterns de-
tectable by monocular cameras to calculate relative positions [6],
[7], [8]. Recent techniques include detecting active LED tags [9]
and ultraviolet light [10]. However, visual systems require good
lighting and clear views for accuracy, and processing extensive
visual data poses challenges for memory-limited lightweight
aerial vehicles. These issues highlight the need for more flexible,
resource-efficient solutions for localization in various scenarios.

As an alternative approach, relative localization based on
wireless communication between drones has the advantage of
being lightweight and suitable for resource-constrained aerial
vehicles. The aerial robots use wireless antennas to exchange
state information (e.g., velocity, yaw rate, height) and combine
these with relative range measurements obtained from the an-
tennas, which attracts recent attensions [11], [12], [13]. Guo
et al. [11] propose an indirect cooperative relative localization
method using distance and self-displacement measurements.
In [12], optimization-based solutions are presented, including
a QCQP approach and its SDP relaxation. While both meth-
ods achieve high localization accuracy on onboard computers,
they require approximately 15 ms for localization, posing chal-
lenges for lightweight drones. Cao et al. [13] estimate relative
pose using multiple UWB nodes, demanding larger robots and
significant computing power. Thus, effective localization for
lightweight drones remains a significant challenge.

Communication and ranging are the foundational elements
of swarming. The common double-sided two-way ranging (DS-
TWR) protocol is designed for the one-to-one ranging. A simple
extension of the DS-TWR protocol has been proposed [14] to
deal with many-to-many ranging operations, that use the token
ring technique to control the ranging process. However, it has
several limitations, such as whenever two sides are exchanging
messages, these messages can be heard by a number of neighbors
because of the broadcast nature of the wireless communication.
However, they are ignored, which makes the protocol inefficient.
Overall, there are no existing ranging protocols that support a
large number of vehicles to range simultaneously for resource-
constrained large-scale swarms.

III. SYSTEM DEFINITION AND PROBLEM FORMULATION

A. System Definition

For clarity of analysis, the model of two arbitrary robots is
discussed here, in which robot i needs to estimate the rela-
tive position of another robot {j | j ∈ N, j �= i}, where N =
{1, 2, . . ., N}, and N is the number of robots.

Fig. 1 shows how the onboard sensing data is processed
and how multiple robots communicate and range with each
other, aiming at relative estimation. For each aerial robot, the
3-axis velocity v̄ = [v̄x, v̄y, v̄z]T , pitch θ, and roll φ in the body
frame can be obtained by fusing IMU, height, and optical flow
measurements. The yaw rate r̄ in the body frame is provided by a
gyroscope. The range dij , meaning the distance between robots
i and j, can be measured by UWB sensors. The variable h is the

Fig. 1. The scheme of the multi-robot system and all onboard sensors. Specifi-
cally, each robot has an inertial measurement unit (IMU), an optical flow sensor,
and a downward-pointing laser sensor for obtaining acceleration, rotation rates,
velocities, and height. This information is fused by an onboard filter to get the
body-frame velocity, yaw rate, and height, which is further rotated to get the
horizontal-frame velocity, yaw rate and height. By UWB wireless ranging and
communication, other robots’ state information is received and combined, the
relative positions and yaw are estimated.

Fig. 2. The diagram of the relative kinematic model, composed by two robots
shown in a horizontal plane for simplicity (as they can be at different heights
with the relative height hij ). 3D purple axes represent the body frame of each
robot, while the 3D blue axes denote the horizontal frame with a vertical z-axis.
The relative 2D position [xij , yij ] and relative yaw ψij of jth robot is shown
in ith robot horizontal frame in this figure.

vertical height calculated from a downward laser measurement
h̄i. Note that the ground-referenced altitude measurements are
needed for autonomous flight. The final output xij , yij , and hij
denote the relative position between the ith and jth robots.

B. Problem Formulation

Each drone localizes other drones in an ego-centered horizon-
tal frame with a purely vertical z-axis, as shown in blue lines in
Fig. 2.

The 2-axis velocity v = [vx, vy]T in the horizontal frame for
each robot can be obtained from body-frame velocity v̄ and the
attitude based on the rotation matrix:

v =

[
c(θ) 0 s(θ)

s(φ)s(θ) c(φ) −c(θ)s(φ)
]
v̄, (1)

where s(·), c(·) and t(·) denote sin(·), cos(·) and tan(·), re-
spectively. In addition, the yaw rate r in horizontal frame
can be calculated with the gyroscope measurements p̄ and r̄:
r = −s(θ)/c(φ)p̄+ c(θ)/c(φ)r̄.

Given an arbitrary pair of robots i and j, as shown in
Fig. 2, the inputs for estimation are represented by U ij =
[vT

i , ri,v
T
j , rj ]

T . The measurements consist of hi, hj and dij .
Define the relative state of jth robot in the ith robot’s horizontal
frame as Xij = [xij , yij , ψij ]

T , which is the core problem of
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Fig. 3. An illustration of the swarm ranging protocol for the three-side exam-
ple.

this paper and needs to be estimated based on the inputs and
measurements.

The kinematic model of the swarm of aerial robots can be
derived based on Newton’s formulas, which is given as

Ẋij = f(Xij ,U ij) =

[
R(ψij)vj − vi − Sripij

rj − ri

]
, (2)

where vi = [vxi , v
y
i ]

T and vj = [vxj , v
y
j ]

T represent the 2-axis
horizontal velocity of two robots; pij = [xij , yij ]

T is a part of
the relative state Xij meaning 2-axis relative position. R(·) =
[c(·),−s(·); s(·), c(·)] is the rotation function from jth horizontal
frame to ith horizontal frame, and S = [0,−1; 1, 0].

IV. COMMUNICATION AND RANGING FOR RELATIVE

LOCALIZATION

An efficient UWB wireless ranging protocol has been de-
veloped to facilitate simultaneous wireless communication and
swarm ranging. The proposed protocol enables robots to accu-
rately compute distances to all neighboring peers concurrently.

The DS-TWR protocol [15] forms the basis of our approach,
involving the exchange of four message types in a specific order
between two sides. The sequence begins with one side initiating a
poll message, followed by alternating response, final, and report
messages.

By defining the transmission and reception timestamps as Tp,
Rp, Tr, Rr, Tf , and Rf respectively, we introduce the concepts
of reply time duration and round time duration for both sides,
ad = Rr − Tp, bp = Tr −Rp, bd = Rf − Tr, ap = Tf −Rr.

Let tp represent the time of flight (ToF), which corresponds to
the propagation time of the radio signal, which can be calculated
by tp =

adbd−apbp
ad+bd+ap+bp

[15]. Then, the distance can be estimated
by the ToF.

Although this protocol works well, it has not been designed for
lightweight aerial intra-swarm ranging in mind. As the number
of pairs of robots in a swarm explodes in a combinatorial way, the
communication bandwidth of lightweight robots saturates easily.
This results in slow ranging, which in turn severely limits the
number of robots in the swarm. Therefore, the proposed swarm
ranging protocol designs a single type of broadcasted message
called the ranging message for lightweight aerial swarms. This
broadcasted message is periodically transmitted to the swarm by
each participant of the swarm (also called side). To illustrate the
basic idea of the protocol, we provide a three-side toy example
in Fig. 3.

Three participants A, B, and C take turns to transmit six
messages. Each message can be received by the other two sides
because of the broadcast nature of wireless communication.

Fig. 4. The proposed ranging message that supports relative localization.

Fig. 5. Message exchanging between A and Y for performing continuous
ranging.

Then each message generates three timestamps, e.g., three times-
tamps generated by the ranging message A1 sent by A is TA1

,
RB

A1
, RC

A1
, as illustrated in Fig. 3(a). It can be observed that

each pair participating has two rounds of message exchanges
as in Fig. 3(b). Consequently, there are sufficient timestamps to
calculate the ToF for each pair.

Each ranging message includes the message identification,
i.e., sender id and message sequence number, the transmission
timestamp of the latest sent ranging message and reception
timestamps from all neighbors.

To support relative localization, the ranging message must
carry additional velocity, yaw rate, and height information of
the sender, so that the neighbors can utilize such information for
relative localization estimations. Therefore, the ranging message
data fields are illustrated in Fig. 4.

As mentioned above, six timestamps (Tp,Rp,Tr,Rr,Tf ,Rf )
are needed to calculate the ToF. Therefore, for each neighbor, an
additional data structure is designed to store these timestamps
which we named the ranging table.

Assume A is ranging with a number of neighbors, and let
Y be any neighbors. The message exchange between A and Y
is depicted in Fig. 5. Fig. 6 shows how the ranging messages
are generated and the ranging tables are updated to correctly
compute the distance between A and Y .

V. TINY RELATIVE LOCALIZATION SCHEME AND

OBSERVABILITY

A. Tiny Relative Localization Scheme

It is well known that Extended Kalman Filter (EKF) has a very
low computational overhead compared to particle filter [16],
SDP [17] and QCQP [12]. Therefore, we choose EKF for esti-
mation because it is efficient, which is vital for lightweight robots
with limited computation power. We explain the EKF in detail,
as it lays the basis for the ensuing observability and stability
analysis. Specifically, we use a discrete model F (X̂k,Uk) of
(2):

X̂k+1|k = F (X̂k,Uk) = X̂k + ẊkΔt,

P k+1|k = AkP k|kAT
k +BkQkB

T
k , (3)
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Fig. 6. The swarm ranging steps.

where Δt is the interval time of updating the Kalman filter,
the predicted state is represented by X̂k+1|k, and X̂k|k is the
estimated state at time step k. Furthermore, the first equation in
(3) shows the prediction result using the nonlinear model of (2).
The second equation denotes the update of error covariance P
caused by the prediction step and input noise covariance Q. A
and B are the Jacobian matrix for updating P .

After the prediction update, the Kalman filter fuses the pre-
dicted state with the distance observation:

z = h(Xij) =
√

pT
ijpij =

√
x2ij + y2ij + (hj − hi)2. (4)

Therefore, the Jacobian matrix of observation is

H = ∂h/∂X = [xij/z, yij/z, 0]. (5)

The rest of the Kalman filter process is shown as follows.

Kk = P k|k−1H
T
k (HkP k|k−1H

T
k +Rk)

−1,

X̂k = X̂k|k−1 +Kk(zk −HkX̂k|k−1) ,

P k = (I −KkHk)P k|k−1. (6)

where K is the Kalman gain. Here, both Q and R are noise
covariance parameters and can be formulated as diagonal ma-
trices denoted by Q = diag([q2v , q

2
v , q

2
r , q

2
v , q

2
v , q

2
r ]) and R =

diag([r2d]). qv , qr and rd denote the standard deviation of the
velocity, yaw rate and distance measurements.

B. Observability Analysis

Since the measurement dimension is lower than the state
dimension, the system is only observable under some specific
robot behaviors. In order to find out and avoid the nonlinear
unobservable robot behaviors for more precise estimation, the
Lie derivative method is employed here.

The observability matrix O is composed of different orders
of Lie derivatives as:

O =

⎡
⎢⎣
∇L0

fh

∇L1
fh

∇L2
fh

⎤
⎥⎦ =

⎡
⎢⎣
(∂L0

fh)/(∂X)

(∂L1
fh)/(∂X)

(∂L2
fh)/(∂X)

⎤
⎥⎦ , (7)

where Lfh is the Lie derivative of the model function f , and
∇Lfh is the differential operator of the Lie derivatives. For sim-
plicity, the power form pT

ijpij/2 is taken as L0
f h. Substituting

the system model and observation function, we get:

|O| = − pT
ijRSvj(v

T
i Sri + rjv

T
j S

TRT )Spij

− (2vT
i RSvj + pT

ijRvjrj)(−vT
i + vT

j R
T )Spij .

(8)

which is the determinant of the observability matrix. According
to the local weak observability theory, the system is observable
only if observability matrix O is full rank. In other words, (8)
should be non-zero.

Although it is difficult to get the full analytical solution of
|O| �= 0, we can extract three intuitive and practical unobserv-
able conditions. 1) pij is close to zero, which means compact
movements will cause lower estimation accuracy; 2) vj is zero,
leading that ith robot cannot find out the heading of jth robot; 3)
The relative velocity −vT

i + vT
j R

T is zero, which happens in
most formation flights. Based on the above tiny relative local-
ization scheme, we will analyze surprising theoretical results in
the following subsections.

C. Stochastic Initialization and Stability

Most swarm robotic studies that use ranging for localization
assume known initial relative positions and orientations between
the robots [18]. However, in practical scenarios the initial rel-
ative states X0

ij between robots are usually unknown. Manual
measurements of the initial positions are time-consuming and
make the system less autonomous. Therefore, an automatic
initialization method is designed to have the relative localization
errors approximate zero before executing cooperative tasks.

For simplicity, we assume the control input of the yaw rate
for each robot remains zero during the whole flight, i.e., ri =
rj = 0. As the drones are in control of their yaw rates, this
assumption can be made true by design. Consequently, we refer
to this assumption as the zero yaw rates assumption.

With this assumption, the observability determinant is re-
duced to

|Or| = −2vT
i RSvj(−vT

i + vT
j R

T )Spij . (9)

Denote the control inputs for each robot as ui = [vxi , v
y
i , ri]

T .
The initialization inputs are set to:

ui(t) =

{
[vxR, vyR, 0]

T , t ∈ [2kT, (2k + 1)T )

−[vxR, vyR, 0]
T , t ∈ [(2k + 1)T, 2(k + 1)T )

(10)

where vxR and vyR are two-axis velocities generated randomly
within the range of (0, vmax] at time t = 2kT in local clocks.
This initialization process prevents the robots from flying away
from the initial position in a short time such that a safe flight is
guaranteed.

We will first study what the state estimate converges to in
observable conditions and then in unobservable conditions.

Theorem 1: If the system input satisfiesR(ψij)vj − vi �= 0,
all relative states of the Kalman filter converge and are exponen-
tially bounded.

Proof: See the supplementary material in [19] for
details. �
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Theorem 2: For multiple robots with dynamic estimation
model (2), if the control inputs follow the initialization process
(10) and there is an unobservable conditionR(ψij)vj − vi = 0,
then the estimated relative state of the Kalman filter will con-
verge to an unobservable subspace, i.e.

lim
t→∞ X̂ij(t) →

{
x, y, ψ|

√
x2 + y2 = zGT, ψ = ψGT

}
, (11)

and all states [xij , yij , ψij ]
T drift slowly once they reach the

subspace. zGT and ψGT denote a constant distance measurement
and constant relative yaw.

Proof: See the supplementary material in [19] for
details. �

The initialization procedure works mostly under observable
conditions because of the velocity inputs that are picked ran-
domly and started asynchronously. This makes the probability
that two robots are flying with continuously identical velocities
at the same times extremely unlikely. Hence, the initialization
procedure ensures with high probability that the state X̂ con-
verges to the true values after a finite-time flight.

D. Self-Regulated Estimation Convergence

In a formation flight, unobservable conditions can occur.
However, when the relative location estimates are used for
control, the estimation errors stay bounded.

Mathematically, the reference setpoint is p̄ji for the ith robot
in the frame of the jth robot. Thus, the control error of the relative
position is

eij = p̂ij − p̄ij = p̂ij +R(ψ̂ij)p̄ji, (12)

where p̂ij is the relative position estimation. Considering the
relative system dynamics ṗij = R(ψij)vj − vi − Sripij , a dy-
namic inversion formation control law is proposed as

vi = kceij +R(ψ̂ij)vj − Srip̂ij , (13)

where kc denotes the control gain, which leads to lim eij →
0. Therefore, the real relative position pij ≈ p̂ij = −eij −
R(ψGT)p̄ji approximates a constant, and the following holds:

ṗij = 0 = R(ψij)vj − vi. (14)

This leads to a zero determinant in (9) such that the stable states
of formation control cause an unobservable condition for the
relative estimation system.

Problem 1: The input and measurement noise is omnidi-
rectional and hence typically has a component tangent to the
unobservable circle trajectory. This leads to the estimation drift
of relative states, hence p̂ij �= p̄ij .

Theorem 3: Given the converged state estimationpij andψij ,

according to Theorem 2, the invariant ψ̂ij and the estimation drift
in Problem 1. The estimation error will remain converged and
bounded even if the multi-robot system is under unobservable
maneuvers such as the formation flight.

Proof: See the supplementary material in [19] for
details. �

Our paper presents the surprising theoretical stability proof
for observability in EKF-based relative localization. This proof,
grounded in the mathematical formulation of the EKF, is crucial
for understanding the convergence behavior in aerial swarms.

Fig. 7. Simulation results of the relative state estimation between two robots
on xij , yij , and ψij . Both robots are randomly initialized at unknown position
and yaw, and they are 2 meters far away each other. Then each robot flies a
start-up procedure with 2-second periodic random settings of velocity and yaw
rate (as illustrated in Section V-C).

Fig. 8. Simulation results of estimation error convergence. 3 dimensional
relative states are shown from 50 tests with different configurations. Each line
with different color represents a different estimation test in three states of xij ,
yij , and ψij . All errors are calculated by comparing the estimated states with
the ground-truth.

VI. SIMULATED RELATIVE LOCALIZATION

This section shows simulation results for the relative local-
ization including efficacy, accuracy, and convergence stability
under unobservable conditions.

A. Localiation Performance

In this simulation, the relative state between two robots is
estimated and compared to the ground-truth relative position
and yaw to verify the localization accuracy.

This simulation is configured with a time interval dt = 0.01 s
and a maximum moving velocity of 1m/s. The settings of
the simulation are: input noise deviation of 0.25 m/s and
0.01 rd/s, and a distance measurement deviation 0.1 m. The
initial estimated states are set to zero, while the ground-truth
initial states are set randomly and uniformly in a range of
[−3,3] m and [−1,1] rad. The parameters of the relative EKF
are set to be Q = diag([0.252, 0.252, 0.42, 0.252, 0.252, 0.42]),
R = 0.12, and P = diag([10, 10, 0.1]), based on the simulated
estimation performance.

Relative localization results are shown in Fig. 7, where we
can see that the relative position and yaw approximate the
ground-truth after a random flight. The orange line represents the
real relative states, while the blue line means the relative states
estimated by EKF. With 50 different random tests as shown in
Fig. 8, the average convergence time is 20 seconds. Overall,
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Fig. 9. Error distribution of relative localization in different unobservable
situations. For each situation, the mean absolute errors are obtained from 50
different tests, during the 20 seconds after the estimation convergence. Boxes
of red, blue, and green color represent random flight, formation flight, and zero
velocity of the jth robot, respectively.

the average convergence time is short, and the localization is
accurate for multi-robot control.

B. Unobservability and Self-Regulated Convergence

We study the influence of unobservable flight behavior on the
relative localization after estimation convergence in practice.
Two situations that lead to unobservability will be discussed:
1) Formation flight that causes −vT

i + vT
j R

T = 0, while the
yaw rates of ri and rj remain zero; 2) the jth robot has zero
velocity, i.e. vj = 0, so that the relative yaw ψij should be
unobservable.

In Fig. 9, relative localization performance with
unobservability-inducing control inputs are shown. By
comparing the red and blue boxes, the effects of formation flight
are: 1) An increase of estimation errors on all relative states;
2) The relative estimation is still rather accurate with position
error less than 0.2 m. This validates the self-regulated estimation
convergence theory in Section V-D. The result indicates that
once the estimation is not correct, robots will deviate from their
role in the formation (in terms of velocity and position), which
in turn makes the system observable again.

In the case that the robot to be localized has zero velocity, the
relative yaw estimation has a larger error compared to normal
random flight, which can be seen from the green box. However,
as indicated in Section V-B, the relative position of xij and yij is
still observable. Therefore, the green boxes show an estimation
error similar to the red boxes in axes of xij and yij .

VII. REAL-WORLD EXPERIMENTAL RESULTS

This section presents the real-world performance for our
proposed ranging protocol and relative localization method.

The swarm of the aerial robot system consists of commercial
Crazyflie 2.1 quadrotor. Each quadrotor is equipped with a
3-axis accelerometer, 3-axis gyroscope, flow deck (VL53L1x
height sensor and PMW3901 optical flow sensor), and loco
deck (DWM3000 ultra-wideband sensor). The flow sensor can
provide velocity at 100 Hz, and the distance measurement fre-
quency can reach over 16 Hz. The processor is an STM32F4
running at 168 MHz with 192 KB memory, on which both
relative estimation, control and swarm ranging are running.
The OptiTrack motion capture system is used for tracking the
ground-truth position and yaw of each robot. The ground-truth
data is only used for post-processing to validate the relative
estimation performance.

Fig. 10. These measurements come from a swarm of 3 Crazyflie quadrotors
with a 25-seconds flight. (a) shows the error distribution in distance measure-
ments against the Lighthouse’s ground-truth, with the red line marking the mean
absolute error is about 0.03 meters; (b) presents the distribution of the norm of
relative position errors estimated from real-world tests, with standard deviation
highlighted.

TABLE I
PACKET RECEPTION RATE FOR DIFFERENT NUMBERS OF DRONES, UNDER TWO

PERIODS: 40 MS AND 60 MS

TABLE II
PROCESSING DELAY TO HANDLE A RANGING MESSAGE

A. Communication and Ranging Performance

As illustrated in Fig. 10, A median filter is applied to reject
the outliers of the raw ranging measurements from UWB. As
shown in Fig. 10, the distance measurement mean absolute error
between two robots is about 0.03 m. This ranging technique has
more accurate and less-biased measurements than that in [20].

In Table I, even with more than 20 drones, the packet reception
rate can still be maintained at around 80 percent. Moreover,
according to Table II, the time delay required to process a ranging
message increases as the neighbors number increases. This is due
to the ranging message contains information for each neighbor.
And the value is around 0.5 ms if there are 26 participants for
relative localization, which clearly shows its scalability. The
above data clearly shows that the proposed ranging protocol
is capable to scale to a large swarm.

We compare our swarm ranging protocol to the token ring
based ranging algorithm. We vary the average ranging period
P̄ , from 50ms to 150ms. We vary the numbers of drones, from
3 to 9. Fig. 11 shows the ranging counts recorded by drone
A for 200 s. Any point in Fig. 11 is the average successful
ranging count by drone A with its neighbors. We can see that
the performance of token ring algorithm decreases dramatically
with the growth of participants, because it executes sequentially.
While the performance of swarm ranging decreases slightly
because the probability of message collision increases as the
number increases. When there are more than 5 drones, our
swarm ranging protocol outperforms the token ring algorithm.
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Fig. 11. Comparison with ranging based on token ring.

Fig. 12. Real-world relative localization in 3-robot and 4-robot systems re-
spectively. Here, x, y and ψ denote the absolute XY position and yaw of the
2nd robot, calculated by the relative EKF from the 1st robot, and compared with
ground-truth from the OptiTrack motion capture system.

When 9 drones participate, the average number for a drone to
successfully range with another drone by our protocol is about
5 times higher than that by the token ring algorithm.

According to our experiments, the ranging message trans-
mission period is set to 60 ms. In other words, we ranging at
16 Hz for 13 robots. Compared with the state of the art, our
work has a higher communication frequency in a swarm with a
large number of robots, than 16 Hz and 3 robots in [20], 40 Hz
and 3 robots in [21], and 10 Hz and 2 robots in [22]. The faster
ranging measurement provided by the swarm ranging protocol
improves the scalability of the wireless-ranging based relative
localization.

B. Relative Localization Performance

In Fig. 12, we can see that the unknown initial states can be
estimated in about 20 seconds. After convergence, the estima-
tion errors remain converged and the positioning accuracy is
high. Moreover, although relative localization is one-to-one, in
practice we observe that robots converge on consistent estimates.

Quantitative analysis of the relative localization performance
compared to the state-of-the-art technologies is given by Ta-
ble III. These experimental statistic results indicate that our
localization system has much higher ranging communication
frequency and less localization errors in larger swarms compared
to the methods in the literature, and our method does not rely
on the north measurement which is unstable in indoor environ-
ments. Fig. 13 shows how a 5-robot team achieves a formation
flight based on the proposed initialization method, relative lo-
calization and distributed control. All tiny flying robots take off
from 5 random unknown positions with unknown random yaw

TABLE III
COMPARISONS WITH THE STATE-OF-THE-ART UWB RELATIVE LOCALIZATION

METHODS, INCLUDING DEPENDENCIES, ACCURACY AND NUMBERS

Fig. 13. Top view of the formation flight of 5 robots. Eight figures show
different flight status such as take-off, initialization procedure, distributed
control for formation flight, and hovering. Five circles with different col-
ors show the positions of five tiny drones, respectively. Full flight details
can be found in the video link https://www.youtube.com/playlist?list=PL_
KSX9GOn2P9sgaX3DHnPsnBCJ76fLNJ5.

Fig. 14. Top view of the formation flight of 13 robots. Four fig-
ures show different flight status such as initial position, following stage
and Formation change stage. The red circle represents the leader drone
and circles of other colors represent follower drones. Full flight details
can be found in the video link https://www.youtube.com/playlist?list=PL_
KSX9GOn2P9sgaX3DHnPsnBCJ76fLNJ5.

angles. After the 30-second initialization procedure, all robots
start flying to the desired formation positions with respect to
the 1st robot with the orange circle. Starting from t = 60 s all
robots do a formation flight with constant relative positions to
the 1st robot which performs a random flight. Finally, five robots
form an Olympic-flag-like shape. This shape is maintained by
all robots even in the hovering state, which is unobservable for
the multi-robot system.

As shown in Fig. 14, we conducted 13 large-scale swarm
robots flight experiments. Their initial positions are 1 meters
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Fig. 15. More flight experiments based on the relative localization. Left:
outdoor formation flights of three Crazyflies. Right: leader-follower flight.

apart from each other. At t = 0 s, all robots take off from their
respective known initial positions. After a 5-seconds initializa-
tion procedure, all drones are flying in formation, maintaining
a constant relative position to the 1st robot in the red circle
which is flying randomly. Starting from t = 15 s, all drones
start to change formation, and the arrow drawn in the figure
becomes the direction of the next formation change. Fig. 15
demonstrates more experiments which all rely on the onboard
relative localization, e.g., outdoor autonomous formation flight
of three Crazyflies with wind disturbances, and autonomous
leader-follower flight through a window based on the visual
object detection on the leader and non-visual relative localization
on the follower.

These experiments show that when the proposed relative
localization method is used in the control loop, it has consistent
convergence in practical experiments even under different
unobservable states such as formation flight or hovering. Hence,
it corroborates our proof on the self-regulated convergence,
and the initialization convergence, just like the simulation
experiments.

VIII. CONCLUSION

This letter proposed a fast and accurate relative localization
method for fully autonomous swarms of resource-constrained
robots. First, a UWB swarm ranging protocol was proposed to
support a large number of robots ranging at a high frequency.
Second, a tiny relative localization scheme was designed for
resource-constrained lightweight aerial vehicles, and it is sur-
prising to discover that the unobservability poses no issues.
Third, by experiment, less than 0.2 m position error is achieved
at the frequency of 16 Hz for as many as 13 drones. This is
the first fully autonomous, onboard fast and accurate relative
localization scheme implemented on a team of 13 lightweight
and resource-constrained aerial vehicles.
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