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Abstract—In environments where robots operate with limited
global navigation satellite system accessibility, ultra-wideband
(UWB) localization technology is a popular auxiliary solution to
assist visual-inertial odometry systems. However, current UWB
approaches lack 3-D pairwise localization capability and suffer
from rapidly declining localization update rates as the network
scales, limiting their effectiveness for swarm robotic applications.
This article presents a novel UWB sensor that enables 3-D pairwise
localization and a localization scheme that can deliver robust, scal-
able, and accurate position awareness for multi-robot systems. Our
approach begins with calibrating intrinsic UWB errors from hard-
ware deviations and propagation effects, yielding high-accuracy
distance and direction measurements. Using these measurements,
we perform distributed relative localization through inter- and
intra-node cooperation by integrating UWB and inertial measure-
ment unit data. To enable swarm-scale operation, our platform
implements the signal-multiplexing network ranging protocol to
maximize update rates and network capacity. Experimental results
show that our approach achieves centimeter-level localization ac-
curacy at high update rates (100 Hz with UWB only), validating its
robustness, scalability, and accuracy for robotic applications.

Index Terms—3-D bearing, clock synchronization, multi-robot
localization, ranging, relative localization, ultra-wideband (UWB).
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I. INTRODUCTION

ULTI-ROBOT systems can substantially enhance ca-
M pabilities over single-robot systems, particularly in
perception and action [1], [2], [3]. Achieving these benefits
relies on effective localization, where each robot determines
its position and the relative locations of others to facilitate
seamless environmental interaction [3], [4], [S]. To broaden the
application fields of multi-robot systems, such as indoor services
and outdoor low-altitude economy, precise, self-organized local-
ization without reliance on predeployed infrastructure, such as
global navigation satellite system (GNSS) is necessary.

Self-organized multi-robot localization is typically accom-
plished by integrating multimodal sensors [3]. Visual—inertial
odometry, which combines visual and inertial measurements,
is widely employed to deliver robust and accurate localiza-
tion and mapping for mobile robotic systems [4], [5], [6], [7].
Several visual-inertial odometry (VIO) systems employ GNSS
for absolute positioning to initialize state estimates and cor-
rect accumulated errors. However, GNSS reliability degrades
in challenging environments across multiple robot application
domains [3], [8], [9], [10]. Network localization is increasingly
used to augment VIO systems [11], [12], [13], [14], [15], [16],
[17]. This approach leverages wireless signals to measure in-
terrobot ranges or relative angles, enabling position estimation
through trilateration, multilateration, or triangulation. Key wire-
less technologies encompass ultra-wideband (UWB) [11], [12],
[13], [14], Wi-Fi [15], laser [16], and radio frequency (RF) [17].
Among these, UWB is preferred for its high delay resolution
and robustness in challenging propagation environments.

Despite their effectiveness, existing UWB localization
methods for robotic applications face three critical challenges
that complicate their implementation. The primary limitation is
the inability of current UWB sensors to provide high-precision
directional measurements. This deficiency forces each robot
to maintain wireless connections with a minimum of three
neighboring robots to enable localization, thus increasing
communication overheads and reducing robustness in complex
propagation environments where packet loss is unavoidable.
Second, due to clock asynchronism among UWB devices,
two-way ranging (TWR) is widely performed to achieve
joint ranging and clock synchronization. However, this scheme
quickly becomes infeasible as the measurement frequency drops
sharply with the growth of the network scale; this problem
is further exacerbated when robots move quickly, where the
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Ground truth (FZMotion)

Fig. 1. Snapshot of the real-world experiment, where the ground truth in
the bottom left is collected using a motion capture system, and the bottom
right shows our localization results. Our method can achieve centimeter-level
localization accuracy with an update rate of 100 Hz.

delayed measurements incur significantly accumulated errors.
The scalability is constrained. Third, hardware limitations
and complex propagation environments cause significant
measurement errors that require resolution.

To address the above challenges, we propose anew UWB sen-
sor and a relative localization scheme for multi-robot systems.
The effectiveness of the proposed approach is validated through
real-world experiments, as shown in Fig. 1. The architecture and
features of our method are shown in Figs. 2 and 3, respectively.
The main contributions of this article are as follows.

1) We design a new localization sensor featuring UWB
arrays, as shown in Fig. 4. This stereo UWB array
is lightweight and compatible with microrobots. Using
this array, we can measure both 3-D directions and
distances between pairs of nodes, achieving pairwise
relative localization without relying on external infras-
tructures. The UWB array imposes minimal restrictions
on wireless connectivity, thus enhancing the robust-
ness of the localization system in complex propagation
environments.

2) We propose a new localization method that extracts
high-accuracy position estimates from UWB signals. Raw
UWB measurements are susceptible to hardware devia-
tions and complex propagation environments; thus, our
approach first calibrates these intrinsic errors to achieve
precise direction and distance estimations. We then present
a distributed localization scheme that leverages UWB and
inertial measurement unit data to determine the relative
positions between robots. This scheme ensures real-time
alignment of local reference frames with high robustness,
efficiency, and accuracy.

3) We develop a platform that leverages the proposed
localization scheme on our UWB arrays. We propose a
new UWB transmission flow and new UWB data frames to
perform signal-multiplexing network ranging (SM-NR),
enabling network measurement and clock synchronization
with minimal signal transmissions. An implementation

attains centimeter-level localization accuracy at an update
rate of 100 Hz (UWB only), demonstrating the scalability
and timeliness for accommodating larger swarm sizes.

Our method is designed to serve as a foundational infrastruc-
ture for multi-robot systems, equipping them with reliable po-
sition awareness to navigate safely, collaborate effectively, and
accomplish complex tasks to revolutionize traditional practices
in diverse domains.

Notation: In this article, we denote variables, vectors, and
matrices using italic letters x, bold italic letters x, and bold
capital italic letters X, respectively; random variables, ran-
dom vectors, and random matrices are represented by sans
serif letter x, bold letters x, and bold capital letters X,
respectively.

II. RELATED WORK
A. Localization for Swarm Robotics

Current research in multi-robot localization focuses on using
relative relationships among robots to offset the drift encoun-
tered in self-positioning odometry systems [13], [18], [19]. In
addition, there is a growing body of research employing relative
pose estimation for building and merging maps in multi-robot
systems [20], [21], [22]. These studies implement a graph opti-
mization approach to determine the state of each robot, where the
relative pose measurements between robots are conceptualized
as factors within the graph. Generally, there are three ways to
generate relative factors between robots as follows.

1) Feature-Based: Some research employs neural networks
to extract place descriptors. These descriptors are then matched
between robots to identify key frames in different robots that
have encountered the same location. Place descriptors can be
extracted from lidar, as demonstrated in [20], and camera,
as shown in [23]. Beyond using place descriptors to deter-
mine if robots are in the same location, key-point matching
can also be employed to calculate the relative poses between
robots. Previous works extract key points in key frames as
landmarks and match key points across different keyframes from
various robots [18], [22]. However, these methods require dif-
ferent robots to observe the same scene.

2) Visual Object Detection: If one robot is visible within the
camera view of another robot, the relative pose between the
detecting robot and the detected robot can be estimated based
on the frames that capture the detected robot [13], [18], [24].
However, this method is contingent on the robots being within
visual range of each other.

3) UWB Measurements: Both of the aforementioned meth-
ods depend on the visibility of the robot swarm. This dependence
on the robots’ relative positions diminishes the applicability of
these techniques.

To address this issue, previous work has introduced UWB
sensors in swarm localization [13], [18], [24]. The UWB tech-
nology contributes by adding distance measurements between
robots as factors in the optimization graph. However, these
UWRB sensors are limited to providing 1-D distance measure-
ments, which may result in undetermined problems in 3-D graph
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less protocol that ensures scalability and timeliness for accommodating larger
swarms, and advanced signal processing methods for high-accuracy position
estimation.

optimization. Thus, for these methods to enable 3-D swarm
localization, it is essential to either increase the number of groups
within the cluster or optimize timing in tandem with ego-
positioning odometry.

B. UWB Localization

This section provides an overview of UWB positioning in
multi-robot systems.

1) 3-D Angle Estimation and Phase Calibration: Current
lightweight UWB sensors face challenges in delivering reliable

PDoA
Calibration AoA
ToF  ---
Ranging
SM-NR TDoF

ROS . Process
Node 1
. N N
Relative Localization
_, Intra-Node
Data i~ Cooperation
Fusion -.;
Center i* Inter-Node
Cooperation

re-—-———

Block diagram illustrating the full pipeline of the proposed localization scheme. This diagram includes the hardware realization and illustrates the data

Fig. 4. Stereo UWB arrays.

3-D directional measurements, resulting in high communica-
tion overhead and reduced robustness in complex propagation
environments. These limitations stem from significant errors in
phase-of-arrival (PoA) measurements, which can arise due to
phase center deviations, uncertainties in antenna positions, phase
ambiguity, and measurement noise [25], [26], [27]. Although
several phase calibration methods have achieved great suc-
cess [28], [29], [30], [31], they focus on linear and planar arrays,
with only a few studies addressing stereo arrays. In fact, stereo
arrays are more suitable for 3-D scenarios, as they achieve higher
resolution in elevation angle estimation. Extending methods for
linear/planar arrays to stereo arrays comes with three primary
limitations:

a) Works like [28] focus on arrays with two antennas, which

restricts their applicability to arrays with more antennas.

b) Training deep neural networks for 3-D angle estimation

(e.g., [29], [30], [31]) demands a large amount of accu-
rately labeled data, whose acquisition poses significant
practical and economic challenges.

¢) High computational complexity hinders the application on

end sides.

The work in [32] was based on stereo arrays but exhibits high
computational complexity due to the grid search on the spherical
surface. To our knowledge, an effective and computationally
efficient method for 3-D angle estimation using UWB signals
requires further exploration.

2) Joint Ranging and Clock Synchronization: UWB sig-
nals can achieve centimeter-level ranging accuracy but require
precise clock synchronization between the nodes. The TWR
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paradigm is the most popular method for joint ranging and clock
synchronization, which measures time of flights (ToFs) from
round-trip time (RTT) in a point-to-point manner [33], [34], [35].
However, this paradigm is not scalable because the signal over-
head increases quadratically as the number of nodes grows. To
address this challenge, several passive ranging methods are pro-
posed [36], [37], [38], which estimates the difference between
distances from multiple transmitters by calculating the time
difference of flights (TDoFs). In this way, the receiver positions
can be determined without signal transmission. However, the
measurement frequency remains inadequate. To illustrate, flying
drones typically require localization update rates exceeding
100 Hz for safe operation. Although existing approaches support
pairwise ranging at tens of hertz, their performance will collapse
to sub-1-Hz frequencies when scaled to full network size in large
swarms. This scalability limitation will cause low update rates
and introduce substantial accumulating errors. Moreover, while
existing methods [33], [34], [35], [36], [37], [38] demonstrate
effectiveness in static environments, they suffer performance
degradation in dynamic scenarios due to unmodeled motion
dynamics.

3) Ranging Error Calibration: Hardware-inherent biases,
and channel-induced factors, including antenna delays [39], non-
line-of-sight (NLOS) conditions [40], and multipath effects, will
significantly affect ranging accuracy. Various statistical models
have been introduced to relate those random influential factors
to the ranging bias. Preter et al. [41] utilized a linear model to
estimate the ranging error based on the received signal strength.
Alternatively, in [42], the range measurement was modeled as a
Gaussian process with respect to the poses of the antennas. The
authors in [39] and [43] used deep learning models to regress
the ranging errors from the received channel impulse response
(CIR), while Wang et al. [40] proposed to model the ranging
bias using a support vector machine, where several waveform
statistics extracted from the CIR are chosen as the input features.
Although prior methods have effectively improved the accuracy
of UWB measurements, they will incur a large training overhead
as the network scales up, since their calibration complexity is
O(N?) for networks with N nodes.

4) Relative Localization: Instead of concentrating on ab-
solute positions, relative localization focuses on the relative
configuration that describes the “shape” of the network, which
is pervasive in multi-robot applications, such as autonomous
driving and formation control [44]. Theoretical frameworks
have been established by introducing the relative error for state
estimates based on the concept of the equivalent state class [45].
For the algorithm designs of relative localization, several spa-
tial cooperation algorithms are developed for static networks,
such as multidimensional scaling (MDS), Chan algorithm, least
squares (LS), and semidefinite programming algorithms [46],
[47], [48], [49], [50], [51]. In dynamic networks, temporal
cooperation has also gained increasing attention with emerg-
ing multisource information fusion schemes [52], [53], [54],
[55], [56], [57]. Filtering and graphical models are adopted
for spatiotemporal cooperation [52], [53], [54], while the char-
acteristics of relative localization should be further explored.
In [55], an infrastructure-free relative localization system was

realized by fusing the range and inertial measurements with
map information, while environmental knowledge is essential to
imposing positional constraints. In [56], a dead reckoning (DR)
framework with particle-based intermittent belief propagation
was proposed; however, it assumes that the initial positions
are known, which may not satisfy in practice. Moreover, the
characteristics of relative localization are not fully exploited.
In [57], a backbone-listener scheme was developed with DR
and error-state Kalman filtering for information fusion, while
the implementations are constrained in 2-D space.

C. Difference With Previous Work

Key distinctions from our prior work include: for bearing
estimation, Li et al. [57] developed a planar UWB array
for azimuth angle estimation but was limited by unaddressed
phase errors and lacked elevation bearing capability. This arti-
cle advances this by presenting a stereo UWB array enabling
high-accuracy elevation angle estimation and a joint azimuth-
elevation estimation method that incorporates phase calibration
and ambiguity resolution to improve accuracy and reliability.
Regarding ranging, while the principle of SM-NR was presented
in [58] and [59], these works did not mitigate timestamp mea-
surement errors and were only validated by simulations. In this
article, we develop a hardware version of SM-NR, perform it
on designed UWB arrays, and further validate its performance
through real-world experiments. The added features in the hard-
ware version include network bearing, timestamp calibration,
optimized UWB signal transmission flow, and new UWB data
frames. For localization, we proposed a relative localization
scheme for 2-D scenarios in [57] and [59]. This article extends
this approach to distributed 3-D scenarios using ranging and
3-D bearing measurements from SM-NR. Moreover, we present
hardware implementation details and extensive real-world field
experiments to show the robustness, scalability, and accuracy of
our localization scheme.

III. OVERVIEW

Herein, we present a new UWB sensor that enables 3-D
pairwise localization and a localization scheme that can achieve
robust, scalable, and accurate multi-robot localization without
relying on external infrastructures. Given the asynchronous
nature of devices, we begin with performing network measure-
ment via multiplexing signals (see Section IV), which achieves
network ranging and clock synchronization with minimal signal
transmissions. Second, we address phase errors and present
an online 3-D angle estimation method (see Section V). Next,
we eliminate clock errors and coordinate timestamp errors for
high-accuracy ranging (Section VI). With distance and direc-
tion information, relative positioning is achieved by integrating
UWB measurements and inertial measurement unit (IMU) data
with reference frame alignment (RFA) and update (See Sec-
tion VII). Details on hardware implementation are presented in
Section VIII.

Our UWB-based localization system improves upon
current UWB approaches by enabling 3-D bearing for
pairwise localization, optimizing wireless protocols for
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Fig. 5. Geometrical relationship between the absolute range and the differen-
tial range in dynamic scenarios.

scalability, correcting timestamp and phase errors, and facilitat-
ing distributed relative localization. These features collectively
enhance the accuracy, scalability, and robustness of the proposed
localization system in complex propagation environments.

IV. PRELIMINARIES
A. Active-Silent Localization

Consider a 3-D multi-robot system consisting of N nodes,
where each node represents either a robot or any other device
that can assist in the localization process.' Denote the node index
setas N'= {1,2,..., N}. Each node is equipped with a UWB
array for both ranging and bearing measurements for pairwise
localization.

We present an active-silent localization paradigm in which
several nodes actively transmit UWB signals while others work
only as recipients. For brevity, we refer to the transmitting
nodes as active nodes and the nodes that receive only as silent
nodes. Suppose that there are N, active nodes and Ny silent
nodes, where A, £ {1,2,...,N,} and Ny £ {N, +1,N, +
2,..., N, + Ny} are the index sets of active and silent nodes,
respectively, and "= N, UN;. The number of active nodes
and the selection of nodes operating in active mode are predeter-
mined.?> Our method allows silent nodes to achieve comparable
localization performance with active ones.

When a UWB signal is transmitted, the UWB chips on the
transmitter side provide the time of departures (ToDs), while on
the receiver side, they deliver the time of arrivals (ToAs), PoAs,
and received signal strength. The PoAs are used for bearing
estimation, while the ToAs and ToDs are used for ranging.
For bearing, all nodes estimate azimuth and elevation angle of
arrivals (AoAs). For ranging, active and silent nodes estimate
the ToFs and TDoFs to calculate absolute ranges and differential
ranges, respectively. The geometrical relationship between these
tworanges is showninFig. 5. Letd; j and T,r (4, j), respectively,
denote the absolute range and the ToF between nodes 4 and j,
which satisfies

dij = cTor(i,]) (D

where cis the signal transmission speed. For node pairs (i, s) and
(4, s), the differential range between them is defined as R,; ; =

'Our method can also be applied to localizing single robots when nodes
equipped with stereo UWB arrays are available. By measuring distances and
directions, the robot’s position can be determined through triangulation.

2Determining the optimal N, and dynamically selecting which nodes should
operate in active mode will be addressed in our future work.

di, s — dj s and satisfies
Rs;i,j — CTd(S; i7 ]) (2)

where TDoF Ty(s;4,7) = Tor(i,8) — Tor(J, s). Active nodes
estimate their absolute ranges with other active ones, while silent
nodes only estimate the differential ranges between silent-active
node pairs. This is because silent nodes do not engage in round-
trip measuring processes, resulting in their absolute ranges to
other nodes not being measured.

B. Protocol of Network Measurement

We perform network measurement using the SM-NR pro-
posed in our previous work [58], [59], which achieves clock syn-
chronization with a minimum of signal overhead. The meaning
of “signal-multiplexing” is that it executes multiple round-trip
measuring processes simultaneously via multiplexing signals
through broadcast communication.

We explain the protocol of SM-NR. For simplicity, assume
that the order of signal transmission aligns with the index num-
bers assigned to each active node. The active node 1 initiates
the measurement process by transmitting the first measuring
signal. After a predefined delay, the active node 2 transmits the
second measurement signal. Each active node transmits signals
in sequence, each with a predefined delay. When active node
N, has transmitted its signal, one complete run finishes, and a
new run commences with node 1 transmitting. Silent nodes only
receive signals from the active ones.

Since the network may not be fully connected in practice,
denote the neighbor sets within the communication range of
node n as N, Then, at time instant k& when active node ¢
(i € N,) broadcasts a UWB signal, the following parameters
are updated by SM-NR:

d. = {di ;7 € NV NN}
Ri = {Reijls e NONNO AN, j e NO NN} (3b)
b ={di; | e N} (3¢)
b= {di; |j e N} (3d)

which represent the absolute range, differential range, azimuth,
and elevation angle estimations, respectively.

Definition 1 (Network Measurement Update Rate): The net-
work measurement update rate is defined as the distances and
directions that can be updated per measuring signal.

Our method (SM-NR) can significantly enhance the scala-
bility, timeliness, and robustness of relative localization. For
illustration, consider a fully connected network. Every wire-
less signal in SM-NR can update N, — 1 absolute ranges,
Ng(N, — 1) differential ranges, and 2(N, + N — 1) angles.
In contrast, TWR-based methods [33], [34], [35], [60] update
< 1/3absoluteranges and 2( N, + N; — 1) angles. High update
rates can ensure timely measurement data and minimize errors
that accumulate from using outdated measurements. Moreover,
high update rates enhance robustness in complex propagation
environments, particularly when line-of-sight (LOS) signals are
blocked or affected by multipath propagation environments.

(3a)
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Regarding scalability, SM-NR requires only N, + 1 signals to
determine the network topology. In contrast, existing methods
typically require at least 3 (A;“) signals to achieve the same goal.
This reduction from O(N?2) to O(N,) is advantageous when
dealing with large swarm sizes. In fact, N, + 1 is the minimum
number necessary [58].

C. Spatial-Temporal Cooperative Localization

To enhance robustness and lower computation burden, dis-
tributed localization is preferred for multi-robot systems [9],
where each node aims to estimate the relative position of the
network consisting of its neighbors within the communication
range. The relative position describes the “shape” of the network
and the relative error is defined as

ex(p,p) = min{lp — Sr(p)]| “4)

where Sr(p) = (Iny @ R)p + 1n ® t, is the equivalent geom-
etry of a network position estimation p to eliminate the effects
of translation, rotation, and reflection, and I' = { R, ¢, } is the
transformation parameter with R € O(3),t, € R3. The goal of
relative localization is to minimize the relative error.

For node n, the goal of distributed relative localization is
to estimate the poses of each node n along with its neighbors
in N in the local reference frame of n. Since no absolute
position reference is available, it is important to establish a
common consensus on the coordinate datum in real time. To this
end, nodes will share wireless measurements and sensing data
with one another through wireless communication technologies.
Denote zI(ﬁ)U = [a,(cn)T,w,(C") "™ as the IMU measurements
with acceleration and angular velocity. Then, the complete mea-
surements for the active and silent nodes are

T
n n)T n)T n)T n)T
Zl(c):[dé)a o, l(c)7ZI(M{J,k} ,nEN,

} } T
zgcm) _ |:R§€77L)T’¢]E:77L)T’ ;Cm)T’ZI(I(;LI}’,l;} . m 6./\/; 5)

where d,g"), R,gm), d),g"), and ¢§§n) can be derived from (3), as
measurements related to node n and its neighbors.

V. 3-D BEARING USING UWB ARRAYS

This section shows our estimation of elevation and azimuth
angles in conjunction with the calibration of phase biases and
phase ambiguities. As the bearing estimation step is conducted
at the node end, the superscript (-)(™), which indicates the
observation made by node n, is omitted for brevity.

A. UWB Measurements

Taking antenna 1 as the reference point, the phase difference
of arrival (PDoA) between antennas m € M := {1,2,..., M}
and 1 can be described by?

2
A(pm = WraP (:(qm - Q1)TU(¢7 ¢) + bm, + nm) (6)

3This far-field model holds when the distance is larger than 0.5m for UWB
signals, which is commonly satisfied in practice.
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Fig. 6. Received PoAs and PoAs after calibration. (a) Expected PDoA (black
solid lines) and raw PDoA measurements (blue dots) corrupted by phase biases
and phase ambiguities. (b) Expected PDoA (black solid lines) and PDoA
measurements after calibrating the transmission delay bgelay (blue dots). (c)
Phase measurements bias induced by the variant phase center deviation bp,cq.

where the operator Wrap(-) wraps the PDoA to [—m, 7], as
phases fall within this interval, g,, € R? denotes the position
of antenna m, and

u(p, 1) = [cos(¢) cos(v)) sin(p) cos(v)) sin(w)]T (7

with ¢ and 1) being the azimuth and elevation angles, respec-
tively. The notions b,,, and n,,, represent the difference in phase
bias and observation noise, respectively. We can estimate the
Ao0As based on (6). However, raw PoA data are significantly
affected by phase biases and observation noise. Fig. 6(a) shows
the raw PDoA data provided by the UWB hardware and the
expected PDoA data. Here, the expected PDoA is calculated by
Apn = 25(qm — q1)Tu(¢, ¥), which excludes the effects of
phase bias, ambiguity, and noises. The significant discrepancies
between the raw and expected PDoA data highlight the necessity
of phase error calibration and phase ambiguity resolution during
direction estimation.

There are no widely accepted models for phase biases and
phase observation noises. Phase biases can result from delays
between the phase center and the processing chip, phase center
variations, mutual coupling effects, and other hardware im-
perfections. Phase observation noise can arise from complex
propagation environments [25], [26], [27]. To enhance spatial
resolution and reduce antenna coupling effects, our UWB arrays
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Fig. 7. Implementation of a parallel computing mechanism in our method for
simultaneous angle estimation and phase calibration. The cardinality of a set A
is denoted by #.A.

are designed with antenna spacing larger than half the signal
wavelength. However, this design choice further exacerbates
the phase ambiguity problem, causing the PDoA between two
antennas to exceed 27.

To extract high-accuracy angle estimates from raw UWB PoA
data, we implement a parallel computing framework, as shown
in Fig. 7. This process begins with unwrapping the raw PoA data
across all potential ambiguities. For each candidate ambiguity,
we perform joint angle estimation and phase calibration in par-
allel. The AoA estimate is derived by minimizing the ambiguity
cost function across all candidate solutions.

B. Phase Unwrapping

For received PDoA data Ag in (6), the possible unwrapped
PDoA can be described as

Agp(p) =A@ +27mp, pc A (8)

where A is the ambiguity set, defined by
A= T A,= 1 {0,%1,...}

_nLEM\{l} meM\{1
in which A,, is determined by the array configuration, and
the operator II(-) denotes the Cartesian product of input sets.
For each candidate ambiguity p, a procedure of joint angle
estimation and phase calibration is conducted.

C. Phase Bias Model

To model the biased PoA data, a mass of phase data from
various arrays is collected, encompassing different azimuths and
elevations. Based on extensive experimental data, we develop a
phase bias model, which can be described by

bm = bdelay,m + bpcd,m((b; 7#) + bothers,m(CIRk)~ (9)

The term b,,, characterizes the phase bias between antennas m
and 1. The first term bgclay,m denotes a constant phase bias that is
induced by transmission delays. The second term bpcd,m(d), V)
characterizes the phase biases induced by phase center devia-
tions. Given the presence of several unclear factors whose effects
can be inferred from CIR data—such as antenna coupling and

wireless propagation—we encapsulate them into bogpers(CIRy),
where k denotes the kth time instant.

Given an array, we collect a training dataset {(¢;, ¥;, A,
CIR;),i=1,2,..., D} to estimate phase error b,, in (9). To
reduce computational complexity, we use the CIR samples at
the peak points (one sample per antenna), rather than the entire
CIR samples of the received UWB signal. First, the transmission
delays that incur the phase bias bgelay,m are estimated by calculat-
ing the average difference between PDoA measurements and the
expected PDoAs. After estimating and calibrating these delays,
the PDoA data, presented in Fig. 6(b), is significantly improved.
This result indicates that bgelay,, s a principal factor influencing
the phase bias.

Second, upon analyzing the experimental results in Fig. 6(c),
we note that the phase center deviation is affected by the AoAs.
Thus, the phase bias induced by the phase center deviations can
be expressed as

Bt (6,) = 27 (5 — 60) (6, 0)

where (dg,,, — dq1) represents the unknown phase center devia-
tion between antennas m and 1. Based on the results in Fig. 6(c),
we approximate this effect using spherical harmonics

(10)

L l
(Oqm = 0q1)(6,10) =D > am1;Y7 (6,)

=1 j=—1

where Ylj (¢, ¢) are the spherical harmonics, and @y, ; ; are coef-
ficients to be determined. The coefficients of spherical harmon-
ics are estimated using an LS method. Fig. 6(c) demonstrates that
the accuracy of the phase bias calibration is further improved
after this step. Finally, the third component, bypers(CIRg), in
(9) accounts for unclear factors, such as mutual coupling and
antenna scattering effects. We approximate it using a Gaussian
process, adhering to the variational Gaussian process regression
(GPR) methodology, as outlined in [61].

After determining the parameters of the phase bias model in
(9) during the training stage, we then employ it for high-accuracy
AoA estimation. Next, we present a method for online angle
estimation along with phase calibration.

D. Phase Calibration and Angle Estimation

As indicated in (10), the biases induced by phase center
deviations, bpcd,m (¢, 1)), exhibit strong directional dependence,
necessitating joint estimation of phase biases and AoAs to
achieve high accuracy in practical deployments. For a candidate
ambiguity p, we jointly estimate the phase biases and the AoAs
by solving the following LS problem:

2
mini’mize Z %(Qm — Q1)Tu(¢7 V)
meM\{1}

2

+ bm(¢,9) — Adm(p) (11)

Objective function (11) is nonconvex, making a precise initial
point crucial for ensuring the accuracy of the optimization. Re-
call (9), since the first and third terms are irrelevant to the AoAs,
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we can derive a solution (&)L& J)LS) that only calibrates these
two terms. As shown in Fig. 6(a) and (b), the first term bgetay,m
is the predominant factor in phase bias. Therefore, (&)LS’ J)LS)
serves as an effective initialization.

With (drs, Prs), the Newton method is applied to opti-
mize (11). The resulting solution is our angle estimation,
which corresponds to the candidate ambiguity p, denoted as
(&)cand(p)7 J)Cand(P)). Its ambiguity cost is defined by

Z HA(Pm_q)m(p)HQ

meM\{1}

c(p) = 12)

where

@m(P) = Wrap <(Qm - ql)T%u(&)cmd(p)?J)cand(p))

+ b (beana(p). deanalp)) ) - (13)

Finally, considering the ambiguities, we complete the estimation
process and provide an AoA estimation obeying

ONUES (&’candy LLcand)(arg min c(p))

peA

VI. NETWORK RANGING

In this section, we estimate the distances between robots using
UWB timestamp measurements.

A. UWB Measurements

Inter-robot distances are computed based on (1) and (2) by
estimating the time of flight and time difference of flight from
timestamp measurements. In ideal conditions, ToF is the differ-
ence between ToA at the receiver and ToD at the transmitter.
However, due to the asynchronous nature of the devices and
timestamp measurement errors, this calculation method can
result in ranging errors of hundreds of meters. According to
the IEEE 802.15.4a standard [62] and related works [33], [34],
[35], [36], [37], [38], [60], the ToA/ToD timestamp observed by
node n at time instant k£ can be modeled as

) = (1 + el + 0 4w (14)
where t,(cn) represents the actual time; and eén), 6("  and w,g")
denote the clock frequency deviation, the time offset associated
with the clock boot time, and the timestamp measurement error,
respectively. Following the Decawave DW1000 user manual
[63], time offset 0(") can be viewed as time-invariant, while
clock drift egcn) is a random variable with a range of up to
420 parts per million (ppm). At the millisecond-level, this
clock drift parameter can be viewed as time-invariant [36], [37],
[38]. Timestamp measurement errors W,g") arise from antenna
delays [39], NLOS conditions [40], and multipath effects, for
which there is currently no well-recognized model.

()

i () (7) t
Active node J @ L
\ £
. . ky
Active node 7 @ \
Silent node s
9
k1

Fig. 8. Timestamp measurements of SM-NR.

B. Network Ranging and Clock Synchronization

The goal of ranging is to obtain high-precision distance esti-
mates from timestamp measurements, while clock errors, times-
tamp measurement errors, and node velocities are unknown. To
mitigate clock errors, RTTs are measured, as shown in Fig. 8§,
the relationships between the RTTs and ToFs are described in
(15),

10— 60— (1) — 1) = Top,, (i,4) + Tor,, (i,5)

t) — (¢ — 7)) = Top,,, (i,5) + Tory, (i, )

(i)
tk3 — Uk,
t/(i‘i) _tgjg) +T0Fk3 (J,5) :TOFk3 (4,7) +T0Fk4 (i, ) +t§cl4) _tl(cZ;
3
1) ) + Top,,, (7,5) = Y Tor,, (i.5) + Tor,, (i 5)
=1

() @) LG 0) @) 6)
+tp —ty +t,§3 ft,é )t
(15)

where k; (I = 1,...,4) represents time instants, and Top, (4, j)
denotes the ToF between nodes 7 and j at time instant k. The
actual timestamp t,(cn) on the left-hand side of (15) is unknown

in practice, and only the measurement t,(cn) in (14) is available.

Our network ranging scheme consists of four steps: First, we
calibrate timestamp measurement errors. Second, in the absence
of a time server, we establish a synchronization time, which
maintains a global average time as the global time. The node
clocks are then synchronized with this reference time to elimi-
nate clock errors. After the first two steps, clock and timestamp
measurement errors are mitigated. Third, we derive idealized
ToF and TDoF estimations from (15) under perfect clock syn-
chronization and timestamp measurement conditions. Finally,
we substitute the calibrated timestamps into the idealized range
estimations derived in the third step.

The first step, which addresses timestamp measurement er-
rors, will be presented in Section VI-C. The last three steps per-
tain to joint ranging and clock synchronization. We propose two
methods: one for static systems [58]; and the other designed for
dynamic systems that further removes velocity dependency [59].
The static method achieves network-wide clock synchronization
with higher update frequencies but shows sensitivity to sudden
velocity changes. In contrast, the dynamic method provides
only pairwise clock synchronization at lower update rates, but
offers superior resilience to rapid node movements. For technical
details, see [58] and [59].
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C. Calibration of Timestamp Measurement Errors

It is shown that our ToF estimation, given by [58, eq. (18)] or
[59, eq. (21)], yields

N o1
Ta, ()~ Lo, () +5 [ (wl) —wi) = (wl) —wil) )]
1

under the assumption that t%:) 1 — > w4 and wi™ &

W,(;i)Q.S This indicates that the clock-induced error is signifi-
cantly mitigated by our ranging method, while the timestamp
measurement error needs further careful calibration. The same
result is consistent for TDoF. Thus, next, we address timestamp
measurement error w,(gn).

There is no well-recognized model on the timestamp measure-
ment error w,(cn) in (14). Here, we model it based on experimental
results and prior research [39], [40], which can be described by

W](fn) _ {C (CIR;")) + 0™ ToA timestamp an

0, ToD timestamp

where {(CIR) and o{™ denote channel-induced and hardware-
inherent errors, respectively. The first term, {(CIR), exists be-
cause the ToA timestamps are estimated using a leading-edge
detection algorithm on CIR, which makes the channel-induced
error a function dependent on CIR. The second term o(™ arises
from hardware-related factors, including delays introduced by
antennas and circuits, which are specific to individual nodes.
Hardware-inherent errors are present in both ToA and ToD
timestamps. Our model incorporates hardware-inherent errors
into ToA timestamps while setting w,(cn) =0 for ToD times-
tamps, which is equivalent to modeling them separately.

As the timestamp calibration step is conducted at the node
end at each time instant, we omit the superscript ()™ and the
subscript (-)x, which indicate node n and time instant &, for
brevity. Based on the sources of errors, we model the channel-
induced error as a random variable and the hardware-inherent
error as an unknown deterministic parameter. We describe the
channel-induced error in (17) by

{(P)=>b(P)+v

where v denotes the observation noise, and b(P) represents
a systematic bias that depends on the channel state, char-
acterized by the vector P = [Pr1, Pr1,..., Prm, PrwM,
w(d,$)T, d]T. We adopt two channel parameters extracted
from the CIR samples—the received power level P and the
first path signal-to-noise ratio Pr instead of the CIR data be-
cause directly processing the high-dimensional CIR will lead to
significant computational complexity. The notations PR ,, and
Pr ,, refer to the parameters measured by the mth antenna, while

(18)

4Notethattg\,)Jrl — t< RE (n) ;
SQur experimental results show that the root mean square value of
i, (0:9)

square error of T*p,

is at second-level, while w; " is at nanosecond-level.

- :I'\ngﬂ(i,j) is approximately 5 cm / ¢, while the root mean

(i 7) is more than 30 cm / ¢, indicating a strong temporal
(n)

correlation of w(n) Thus, it is feasible to assume that w AW .
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Fig. 9. Probabilistic graphical model for the calibration of timestamp mea-
surement errors.

d is the range estimation using raw timestamp measurements.
Essentially, u((i), J)) in (7) and d are obtained from CIR and
can provide additional information about the channel state apart
from Pg, Pr. As for v, we model it as p(v) = N(v|0, 02 (P)),
where o (P) corresponds to the channel-related noise variance.
This is based on observations concluded during experiments,
which demonstrate that the variance of the observation noise is
correlated with channel parameters and nodes, but these factors
are independent of each other. For brevity, define g(P) such that
o2 (P) = e8P,

Two independent scalable variational Gaussian process
(SVGP) models [64] are employed to estimate the probability
distribution of b(P) and o (P), respectively. First, assume the
Gaussian process priors over b(P) and o (P) as

p(b) = N(b|0,Ky,) and p(g) =

where b = [b; by --- bp]T is a vector containing D training
data and Ky, is the covariance matrix derived from the kernel
function with parameter 8}, € R>"*+4  taking the form of

Mel0,Ks)  (19)

2M+4

]{J(Pdl,sz;eb) =exp | — Z
=1

([Pa,)i — [Pa,]1)?
2013,

(20
The vector g and the covariance matrix K, are defined in the
same way. To reduce the computational complexity, we adopt
the variational sparse heteroscedastic Gaussian process frame-
work, where inducing points Zy, = [Z1, 1 Zb2 - Zp )T and
Zy=1Zg1Zgp-- ngM]T and inducing variables up, and
u,, with variational distributions gy, (uy,) = N(up,|my, Sp,) and
¢g(ug) = Nug|my, S;), are introduced for b and g, respec-
tively. The relationship between these parameters is shown in
Fig. 9.

In the training stage, model parameters 61, 84, My, Sh,
mg, and S, are what we need to determine. Typically, these
key parameters are trained by maximizing the variational lower
bound of the log-likelihood of ToA estimation error w,(fn), as
discussed in [65]. However, it is difficult to obtain accurate
ToA timestamps for training. To address this issue, we turn to



10

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.

training the SVGP models for ToF errors, which are defined
by t;; = -i—op(i, j) — Tor(i,j). The accurate values of these
errors can be deduced from reliable position tracking systems,
such as Optitrack. The variational lower bound for the marginal
likelihood of the ToF measurement error L. is derived, which
can be described as

N N (4) (4) (') (J)2
Hoy " + 1y
a=2§:mN@J L i )

i=1 j=it+1
N
Z ( 02 <a>2 Jr 1 be
‘ &J 2 (1)2 (J)2
i=1 j=i+1
— KL [gs (up)[[p(up )] — KL [g4(ug) |p(ug)] @D
where ug )= u( RANIPAC) ré ;2 = eHe %5 2/2 in which ,ué)j,

uég, aé 22, aé ).2 are the predictive means and variances of

b and g, respectively, and KLJ-||-] denotes Kullback-Leibler
divergence.

After the model training is completed, we calibrate ToA times-
tamp measurement error as follows. For ToA timestamp received
at node n with signal power level P, timestamp measurement
error is predicted by

(w™|b(P),g(P)) = N(W(") 0™ + b(P), eg<P>)

where

(22)
in which
1in(P)
g (P)
o} (P) = k(P, P;0y)
+ ko K (S — Ko ) (ko K hy)"
o2(P) = k(P, P;6,)
+ kg Ky (S — Kgr) (kg i K oy)T
with kernel function defined in (20) and

-1
= kb,MKb,Mmb

— -1
= ngquﬂMmg

kvt = k(P, [2z1]1;0p)
(kg = k(P [2]1;0,)
(Kbl 1, = k(201 [26]1,; 0b)
]

[KgM]llJz _k([zg ll’[ }lzv )

The calibrated timestamps are then used for clock synchroniza-
tion and ranging in Section VI-B.

VII. RELATIVE LOCALIZATION

In this section, we develop a multisensory information fusion
scheme for distributed relative localization in dynamic scenar-
ios. For the initialization of network relative position estimation,

the MDS-based method and Chan algorithm are applied for ac-
tive and silent nodes, respectively. The main focus in this article
is to realize high-accuracy dynamic localization, for which we
propose a scheme combining UWB and IMU measurements
through particle filtering (PF) and DR that achieves inter- and
intra-node cooperation.

A. Multisensory Information Fusion

Since the updating frequency of the IMU measurements is
usually higher than the UWB signals, we perform PF when
the UWB measurements are updated, and DR when only the
IMU measurements are obtained, as shown in Fig. 3. The
difference between active and silent nodes mainly stems from
the measurement model, while the localization framework is
rather similar. Therefore, in the following part, we would not
distinguish between the mode of nodes.

For node n, denote its state vector at time instant & as

x(n) (n)T (n) T (n)T (n)T (n)T T
k

pk 9 k, 7ak 70k 7wk (23)

in which the elements represent the position, velocity, accel-
eration, orientation, and angular velocity vector, respectively.
The PF part concerns N}, particles with states {chn,l)};\fl and
weights {W,E"’D }5\2)1 where [ denotes the index of the particles.
Define the time-variant state transition function and observation
function as f(-) and hy(-) that come from the physical mod-
els. The corresponding state transition and observation models,
respectively, are

X" = i (x)) + 030 (24)
z;’” = e (x{". s, ) + 25)

where n( N0, Q("))7 Onkl) N(O,Ré”)) are the state

transition and observation noises. The details of PF are regular
procedures [66], which are omitted due to the limited space, and
the PF estimation at time k is

NP
~(n n,l
= >l

=1

x(0). (26)

As for dead reckoning, the IMU measurements are utilized as
control vectors for the state update of the particles as well as the
estimation result

xg" = fi (Xl(cn v, 21(1\7/11% k- 1) + “(n ) (27)
o(n) o(n) n
X, pr = Sk (Xk 1721M)Uk 1) (28)

while the particle weights remain unchanged.

Remark 1: In our distributed relative localization scheme,
each node estimates the relative positions within its neighbor-
hood. In networks that are not fully connected, global relative
positions are determined through geometry merging operations,
as presented in our previous work [67], [68].

Extrinsic parameters including rotation and translation be-
tween IMU and UWB sensors are calculated in a stand-alone
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Reference frame
of node j ‘1

T (i)

Reference frame of node n

Reference frame of node n
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Fig. 10. Illustration of the process of RFA. (a) Rotation for the alignment of
the orientations of the reference frames. (b) Translation for the alignment of the
origins of the reference frames.

phase and set constant when PF is in operation. To be specific,
an IMU-UWB sensor suite is intentionally fully excited in
the calibration phase to conduct 6-DoF motion in space, and
meanwhile onboard IMU and UWB data are collected. UWB
measurements consist of range and bearing observations to four
stationary stations with known positions. An optimization-based
estimator is utilized to simultaneously reconstruct the above
6-DoF trajectory along with the IMU-UWB extrinsics. Prein-
tegrated IMU factors with IMU biases and UWB measurement
factors with our targeted extrinsics are building blocks of the
factor graph structure of the estimator. Since no marginalization
is conducted, the dimension of the estimated state is extremely
large and the calibration process is done purely offline with hand
measured extrinsics as initial values. We repeatedly implement
such calibration of IMU-UWB alignment for each node.

B. Reference Frame Alignment and Update

Note that in relative localization, no absolute reference for
any dimensions of the particle state x exists. Since each node
performs the localization procedure in its own coordinate refer-
ence frame, their coordinate datum may differ from each other,
and the cumulative drift over time may exist. This indicates the
necessity of real-time alignment for the coordinate reference
frames of different nodes in distributed relative localization.

Denote the local reference frame of node n at time k as
ﬁk,{n}, which is assumed to be an inertial coordinate system,
where the subscript {-} denotes the index of the reference frame.
Then, the transition from .7, ¢, to F, 1y (j € N (™)) involves
translation and rotation for the alignment of origins and axes,
and the alignment of their translational velocities.

We first consider the dynamic part by introducing the indirect
measurement of radial relative velocity in PF for the velocity
alignment of reference frames. Note that during the update of
particle weights, the ToF, TDoF, and AoA measurements can
directly reflect the estimation confidence of position and orienta-
tion, and the IMU measurements reflect that of the acceleration
and angular velocity, while the velocity is left out. Therefore,
we estimate the radial relative velocity of each node pair by
estimate the rate of change of ToF, which can be achieved by
LS estimation. Then, we add it to the observation model, and
exploit its reflection of the belief of relative velocity estimation

Algorithm 1: Distributed Relative Localization Algorithm.

,neNEk=0,1,.
Output: Position estimations p( " neNk=0,1,...

Input: The measurement vectors z

1: Initialize the relative posmon estimation ﬁg") and the

(n € N);

2)
2: Initialize particle parameters {x(n ,

3:fork=1,2,...,

calibration parameter @ ")

n,l)y N
wy Y (neN);

nodes n € Nin parallel do

if UWB measurements 2833,]37 & updated then

4

5:  Perform RFA with @,(;1)1 to obtain sﬁ\%;
6: Update the particle states according to (24);
7
8
9

Perform PF to obtain pé by (26);

Perform RFU by (30) and update (9,(C n) accordingly;

else if IMU measurements zI(I\T,L[%J « updated then
10: Update the particle states according to (27);
11:  Perform dead reckoning to obtain ﬁgfj)R by (28);
12:  end if
13: end for

14: return Position estimations p pk ,neNEk=0,1,.

during weight update. On the macro perspective, this helps to
align the translational velocities of the local reference frames of
the neighbors in a natural manner.

Then, we tackle the geometrical alignment of different
reference frames, as shown in Fig. 10. Let sk [ (n)T

n n) T
0" 0]

)

T be the pose vector. Denote the calibrated pose

estimation of node j in .%}, ,,) as /s%kj %n}. Let each node n main-

tain a calibration parameter table © ") = [- . 977" ..

Jjentm

where the calibration parameters
j~>n j—n'T j—n'T T
vy, = |0py, , 00, (29)
transform states from .7}, (;y to % 1,y with rotation 503 -n

)

j*}n

around s, ! and translation dp;, "". Note that the alignment

of the states at time (k + 1) is performed in the reference frame
determined at time & since the knowledge of the reference frame
at time (k + 1) remains to be updated according to the new
estimation results. With this operation of RFA, we obtain the
neighbor information to perform the PF procedures precisely in
the aligned frame.

The initial value of @g") can be determined according to
the initialization of network relative position estimation. Then,
consider reference frame update (RFU) which updates the cali-
bration parameters in real time. Denote the neighborhood pose
vector of node n as s/(\% =[-- s,(j) T ]jTeNW with sé ") being

the pose estimation, which is collected from broadcasting. The

( )

general idea is to reestimate the neighbor poses s;,; while

regarding the PF estimation result ?,(CH’PF) as known parameters,

which is an optimization problem to minimize the mean squared
error with solutions of the form
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TABLE I
HARDWARE CONFIGURATION AND ARRAY PERFORMANCE

Properties Values Properties Values
Chip 4x DW1000 Data rate 6.8 Mbps
Center frequency  3993.6 MHz UWB Channel 2

Weight 104 ¢ Antenna spacing 4.67 cm
Size 10x10x2.5 cm | Power 25 W
Range 1 km Update frequency  >100 Hz

in which the trivial details are omitted due to the limited space.
Then, the calibration parameters ¥, " can be updated by the
difference betweengl(f in} and sgj )j} which achieves the real-time
alignment of different reference érames. The complete proposed
distributed relative localization scheme is summarized in Algo-

rithm 1.

VIII. HARDWARE REALIZATION

This section presents the hardware implementation details of
the proposed multi-robot localization method.

A. Hardware Configurations

The hardware realization is shown in Fig. 2. Each node is
equipped with a stereo UWB array, which transmits and receives
UWRB signals, and a Raspberry Pi, which estimates the signal
parameters and performs distributed positioning.

Each UWB array consists of an STM32 development board,
which mounts four antennas, four Decawave DW1000 chips,
and one Si5351B-B clock chip. The STM32 board retrieves
raw measurements from registers and transmits data to the
Raspberry Pi for postprocessing. Each antenna connects to a
separate DW 1000 UWB chip, with all UWB chips synchronized
through a clock reference established by the Si5351B-B clock
chip.® Despite careful design, asynchronism persists among
the four UWB chips due to hardware imperfections, including
differences in circuit lengths from the clock source to the UWB
chips and differences in feed wires to individual antennas [32].
These imperfections introduce errors in PoA, ToA, and ToD
measurements. We calibrate PoA measurement errors for bear-
ing in Section V-C and address ToA/ToD measurement errors
for ranging in Section VI-C.

Our stereo UWB array weighs 104 g with four antennas
arranged in a regular tetrahedron configuration (4.67 cm spac-
ing). It supports a measurement range of up to 1 km, enabling
long-distance localization. Complete hardware specifications
are provided in Table I. Overall, the designed UWB array is
compact and light, making it suitable for diverse robots in their
respective use cases.

The Decawave DW3000 chip can directly provide AoA estimates by support-
ing two RF antenna ports. Compared with it, our bearing method achieves higher
accuracy, since our array features four RF antenna ports by using four Decawave
DW 1000 chips and our method effectively addresses the critical challenges of
the phase bias and phase ambiguity in bearing estimation.

® @ ® &
o [N |7V w [N o |7V

I Time

®

Measuring Period

Update frequency = 1/measuring period

@® Control signal from the primary node @ Message signal from node n

Fig. 11.  Data frame of UWB signals.

B. Implementing SM-NR

Using the designed UWB arrays, we realize multi-robot lo-
calization as follows.

1) The Raspberry Pi releases the SM-NR measurement
schedule to the corresponding UWB array through the
serial port.

2) Each active node transmits UWB signals according to
the SM-NR protocol and records the corresponding ToA,
ToD, PoA, and signal strength measurements. These raw
measurements are transmitted to the Raspberry Pi via a
serial port for further processing.

3) The Raspberry Pi computes distances and directions, then
shares these estimations with other nodes using ROS
communication.

4) By aggregating information from other nodes, the Rasp-
berry Pi at each node determines and outputs the localiza-
tion results distributively.

To implement the above procedures on the hardware, we
propose a new UWB transmission flow and new data frames,
as illustrated in Fig. 11. Two types of UWB signals are defined:
1) control; and 2) message. A primary controller node is arbi-
trarily designated to broadcast the control UWB signal at each
time instant, dictating the transmission order of active nodes.
Upon receiving this control signal, the designated active node
transmits a Message UWB signal for measurement. The receiver
nodes process this signal to extract ToA, ToD, PoA, and signal
strength data for ranging and bearing. Using these new UWB
measurements, nodes update their position estimates. After a
predefined interval, the primary controller sends the next control
signal, and the measurement cycle repeats. In our scheme, the
interval between two control UWB signals is 10 ms and the
update frequencies for measurement and localization are 100 Hz.
The shortest interval we have tested is 6 ms.

Our designed signal frame for SM-NR implementation con-
tains four elements: 1) preamble; 2) start of frame delimiter;
3) physical layer header; and 4) data [63]. The preamble se-
quence is used to detect signals and estimate signal metrics,
while the data frame is utilized for information exchange. De-
picted in Fig. 11, both the control and message signal data frames
comprise three segments. The first segment indicates the signal
type (CMD or MSG); the second segment of the control signal
specifies the ID of the next message transmitter, while the second
segment of the message signal conveys the transmitter’s ID;
the third segment of the control signal specifies the number
of active nodes within the network, while the message signal
includes a timestamp array that records all sending and receiving
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timestamps between the current transmission and the previous
one.

IX. EXPERIMENTAL ANALYSIS

In this section, we evaluate the proposed multi-robot local-
ization method through real-world experiments. Section IX-A
demonstrates its ability to achieve centimeter-level localization
accuracy, and Section IX-B confirms its robustness and scala-
bility.

For the experiments, aerial robots and vehicles are equipped
with our UWB arrays. The dimensions of the test sites are 20x
25x4 m, and the precise positions of the nodes are obtained
using the FZMotion motion capture system [69], which serve as
the ground truth for performance evaluation.

A. Accuracy

The following are three typical application scenarios for
multi-robot systems that are tested, as shown in Fig. 12.

1) Road Overtaking: Three vehicles travel normally on a two-
lane road, while the fourth vehicle performs an overtaking
maneuver, moving from the rear to the front. These four
nodes are all active nodes.

2) Formation: A drone leads at the front, while four vehicles
form a trapezoidal formation to navigate a U-shaped route.
All five nodes are active nodes.

3) Search and Rescue: Positioned at strategic locations,
three vehicles, two drones, and ten static UWB de-
vices are actively broadcasting signals. The same set of
robots—including three vehicles, two drones, and ten
static UWB devices—are engaged in search operations in
silent mode to reduce signal overhead. The complexity of
this mission escalates due to high latency in the large-
scale network and challenging propagation conditions,
including NLOS and multipath effects caused by dense
obstacles.

We evaluate the performance of UWB ranging, bearing, and
localization using root mean square errors (RMSEs) as the
performance metric, and the results are shown in Figs. 13-15,
respectively.

1) Ranging Accuracy: The ranging performance is shown in
Fig. 13. First, the RMSEs of raw active ranging across the three
scenarios are 32.06, 26.90, and 34.19 cm,’ respectively. After
calibration, the RMSEs improve to 4.26, 6.22, and 6.48 cm. An
approximate 80% improvement highlights the necessity of our
calibration efforts. Second, the RMSE of silent ranging in the
third scenario is 28.64 cm, which is inferior to that of active
ranging due to the absence of timestamp measurement error
calibration—an issue to be addressed in future work. Third,
Fig. 16 visualizes the full date distribution before and after
calibration, demonstrating the overall improvement in ranging
performance.

7Note that the 30 cm-level errors before calibration arise from NLOS-induced
timestamp inaccuracies and extended inter-node distances. By contrast, in con-
trolled tests with nodes at 1-6 m separation (LOS conditions), the RMSE is
10.77 cm before calibration, which is consistent with the DW1000’s specified
accuracy.

TABLE II
PERFORMANCE EVALUATION WITH RMSES

Scenario 1 Scenario 2 Scenario 3
Module - - - -
Active Active Active Silent
Ranging (raw) 32.06 cm 26.90 cm 34.19 cm | 28.64 cm
Ranging (calibrated) 4.26 cm 6.22 cm 6.48 cm -
Elevation angle 2.5 deg 2.5 deg 2.8 deg 2.9 deg
Azimuth angle 4.4 deg 4.8 deg 4.8 deg 3.7 deg
Localization 6.23 cm 16.84 cm 11.26 cm | 24.76 cm

2) Bearing Accuracy: The AoA estimation performance un-
der three dynamic scenarios is shown in Fig. 14. The baseline
used for comparison calibrates only the phase biases caused
by transmission delays, consistent with current UWB phase
calibration practices. The RMSEs for elevation estimation across
the three test scenarios are 2.5°, 2.5°, and 2.9°, respectively,
while azimuth estimation RMSEs are 4.4°, 4.8°, and 4.3°,
respectively. The proposed method significantly improves the
elevation estimation accuracy, though performs similarly to the
baseline on azimuth estimation. This improvement is attributed
to our more comprehensive phase modeling and meticulous
phase error calibration.

To further validate the effectiveness of the proposed AoA
estimation method, we evaluate bearing measurement accuracy
atthree representative elevation angles (—0.5°, 14.4°, and 24.5°),
selected randomly to test performance across different geometric
configurations. For each elevation angle, PoA data across various
azimuths are collected by rotating the receiver array around
the z-axis. As shown in Fig. 17, our method achieves superior
elevation estimation accuracy compared to the baseline, a critical
enhancement for robust 3-D localization.

3) Localization Accuracy: The relative localization algo-
rithm with the multisensory information fusion scheme pro-
posed in Section VII is evaluated under the aforementioned
three dynamic scenarios, as shown in Fig. 15. The groundtruth
obtained by FZMotion is marked in green, while the esti-
mated trajectories of active and silent nodes are marked in
blue and orange, respectively. The relative RMSEs are listed in
Table II.

The proposed algorithm performs effectively when the nodes
move at moderate speeds. In Scenario 1 and most periods in
Scenarios 2 and 3, the relative localization error is kept between
6 and 10 cm. When the drone accelerates violently, the mea-
surements and the state updates suffer from the drastic changes
of relative node poses, and the localization performance also
deteriorates to a certain extent, which is a focus of our future
work. The average localization performances in Scenarios 2 and
3 for the active nodes hold an accuracy of around 11-17 cm.
For the silent nodes in Scenario 3, the silent nodes exhibit
inferior performance compared to the active nodes, achieving
an accuracy of about 25 cm. This is due to the lack of node
cooperation and the larger biases caused by uncalibrated dif-
ferential ranging. Calibrating differential ranges effectively will
be addressed in our future work. These results demonstrate that
our distributed localization system can attain centimeter-level
accuracy.
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Fig. 12.  Three dynamic scenarios of real-world experiments: road overtaking, formation, and search and rescue. The blue/orange circles and magenta rectangles

mark the vehicles as active/silent nodes, and the drones as active nodes, respectively. (a) Scenario 1: Road overtaking. (b) Scenario 2: Formation. (c) Scenario 3:
Search and rescue.

|— ©- Active Ranging

—O— Active Ranging (Calibrated) —p— Silent Ranging‘
1 ———0——¢— 1 ® 1 $——p
e~ e
0.8 Py 0.8 ) 0.8
-
/d ld
’ ’
o 0.6 ® . 0.6 , - 0.6
a ‘ a P A
@) ' O ) O
041 , 041/, 0.4
] 1
! 1
0.2 ? 0.2 ) 0.2
!/ i
.
0 0¢ 0
0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8
Ranging error (m) Ranging error (m) Ranging error (m)
Fig. 13.  Ranging performance under three dynamic scenarios.
—©— Proposed (Azimuth) = O~ Baseline (Azimuth) —#&— Proposed (Elevation) = B~ Baseline (Elevation)
1 1 1
, s -
] -
, ,U ,
0871 , 1 0.8 0.8 5,
o
P r
061 /, 1 0.6 0.6 v,
5 o 5
a 1 a a A 4
@) A O O @
0.4 0.4 0.4 4
! 4
021 0.2 0.2
0 0 0
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
AoA Estimation Error (deg) AoA Estimation Error (deg) AoA Estimation Error (deg)
Fig. 14.

Ao0A estimation performance under three dynamic scenarios.

—— GroundTruth —— Estimation of Active Nodes —— Estimation of Silent Nodes‘
g gy E 2
N N < 0
12

y (m)

Fig. 15.

X (m)

y (m)

Relative localization performance under three dynamic scenarios.

y (m)




15

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.

‘-Active Ranging I:lAclive Ranging (Calibrated) ‘

I
=3

=~
=
T T
| |

I
o

Ranging Error (m)
S
L o

o
-~
T
|

-0.6 7
-0.8 7
\ . .
Road overtaking Formation Search and rescue
Fig. 16.  Violin plots of the ranging performance under three dynamic scenar-
i0s.
[l Bascline Il Proposed B CRLB|
10 10
B g
3 8 T 8
g 5
E} =
g 6 = 6
< 4 % 4t
o m
<2 2 2
~ [~
0 0
-0.5 14.4 245 -0.5 14.4 245
Elevation (deg) Elevation (deg)
Fig. 17. Performance of azimuth/elevation estimation across various elevation
angles.

Beyond improving accuracy, we also validate the efficiency
and timeliness of the proposed network measurement method
by comparing it with the widely used TWR in [33]. In this
experiment, all nodes are active, serving as both transmitters
and receivers. Fig. 18 shows the time-varying ranging errors of a
single connection, and Fig. 19 shows the cumulative distribution
function (CDF) of ranging results for the entire network. First,
Figs. 18 and 19 show that our method exhibits greater robustness
as the number of nodes increases, demonstrating its scalability
for large swarms. Second, we note that UWB measurement
errors consist of two components: 1) estimation errors; and 2) lag
errors due to delayed measurements. Fig. 18 implies that lag er-
rors are the dominant factor, especially in large-scale networks.
Third, our ranging method preserves centimeter-level accuracy
as the network scales, whereas the accuracy of TWR deteriorates
to the meter level due to delayed measurements. This is because,
in a network with IV, active nodes, our method updates N, — 1
absolute range estimates per UWB signal, whereas TWR updates
only 1/4. Thus, the performance gain from using our method is
proportional to N,.

Furthermore, we obtain the following insights for localization
system design. First, it is crucial to have a high rate of measure-
ment updates, particularly for dynamic large-swarm systems.
Second, while increasing the number of active nodes improves
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Fig. 18. Ranging errors of a single connection vary with time instant. The

subfigures correspond to multi-robot systems with 2, 4, and 8 active nodes,
respectively (w/o calibrating timestamp measurement errors).
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ToF/TDoF estimation accuracy in static scenarios [58], it may
introduce larger errors in dynamic scenarios due to delayed
measurements, as the update rate decreases with more active
nodes. Fig. 19 depicts the relationship between ranging accuracy
and the number of active nodes. Hence, assigning more nodes
to silent mode is beneficial for reducing resource consumption
and essential for improving accuracy. Determining the optimal
number of active nodes and dynamically selecting which nodes
should operate in active mode need further investigation.



16

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.

- "% -
N o .
.
o 081 S N 1
g ¢ e
[ So \
2 & .
I L N \ 4
§ 0.6 N Q
n Q \
\
£ S
=04+ N 1
& ¢ b
S v
3 —e— With AoA (100Hz) N
0.2 | =—6— Without AoA (100Hz) v\ i
=@ With AoA (10Hz) QN
— & Without AoA (10Hz) NN
W
0 ‘ ‘ ‘ $~—0—29
0 0.2 0.4 0.6 0.8 1

Packet Loss Rate

Fig. 20. Localization success rate with respect to different packet loss rates.

B. Robustness

The robustness of our localization method is validated under
different packet loss rates. Packet loss refers to missing UWB
measurements when UWB data fails to reach its intended des-
tination, with higher loss rates indicating harsher propagation
conditions. Using data collected from the 30-node experiment in
Scenario 3, we conduct offline simulations with varying packet
loss rates to model different levels of complex propagation
environments. We block out a certain percentage of the UWB
measurements according to the packet loss rate and perform
localization using the incomplete data. We claim the localization
in one trial is successful if the RMSE is less than 1 m. For each
packet loss rate, we run simulations 200 times to derive the
localization success rate curve as functions of packet loss rate
varying from O to 100%. Note that a high packet loss rate has
limited influence on initialization, since all nodes are stationary
at the start of each test, enabling the collection of sufficient UWB
measurements to establish reliable initial position estimates.

The performances with and without AoA measurements at the
update rate of 100 and 10 Hz are shown in Fig. 20. The proposed
localization method maintains a localization success rate of
over 99% even when the packet loss rate reaches 93%. This
performance is achieved by, on the one hand, enabling pairwise
relative localization by incorporating AoA measurements and,
on the other hand, leveraging SM-NR for high update frequency
measurements. In comparison, when AoA measurements are
unavailable, localization performance is significantly affected
by the increase in the packet loss rate above 40%. This occurs
because, without directional information, each node needs to
establish wireless links with at least four neighboring nodes to
achieve localization, which imposes restrictions on the connec-
tivity of networks. As connectivity weakens, the localization
failure rate rises. On the other hand, when the measurement
update rate decreases to 10 Hz, the performance deteriorates
significantly, implying the advantages of high update frequency
for high-accuracy localization. The above results validate the ro-
bustness of our system in challenging propagation environments.

They also highlight the importance of high-accuracy 3-D bearing
capabilities and high update frequency for robust localization.

X. CONCLUSION

This article presents a robust and scalable multi-robot local-
ization system using stereo UWB arrays. The designed array
enables infrastructure-free 3-D pairwise localization, lowering
network connectivity requirements and enhancing localization
reliability in challenging environments. Beyond hardware de-
sign, we propose novel signal processing and localization meth-
ods to extract high-accuracy estimates from raw UWB mea-
surements. The key components include UWB error calibration,
robust direction and distance estimation, and distributed relative
localization through spatial-temporal cooperation. Real-world
experiments demonstrate that our localization method achieves
centimeter-level accuracy at a 100-Hz update rate (UWB only),
showing its robustness, scalability, and accuracy for multi-robot
systems.
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