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Abstract

Precise localisation is a key enabler for mobile applications, yet it
remains challenging in global navigation satellite system (GNSS)-
denied environments such as buildings, tunnels, and caves. Ultra-
wideband (UWB) has emerged as a promising technology for such
scenarios, but existing UWB-based real-time localisation systems
typically rely on fixed infrastructure and are ill-suited for rapidly
deployed, mobile, multi-hop networks. This paper presents FLock,
an infrastructure-free, flooding-assisted self-localisation system
designed for resource-constrained devices. FLock addresses three
core challenges: (i) efficiently gathering accurate distance measure-
ments at scale via a one-to-many UWB ranging protocol, (ii) reliably
disseminating distance information in highly mobile, multi-hop
topologies using a protocol built on top of synchronous narrow-
band flooding, and (iii) performing on-device localisation through
a lightweight gradient-descent-based engine. By tightly integrating
these components, FLock provides both relative and absolute local-
isation. We validate FLock through simulations and real-world ex-
periments with up to 30 UWB devices. The results show that FLock
enables real-time localisation directly on embedded devices in both
static and mobile scenarios, supporting practical deployment in
demanding mobile environments while maintaining a localisation
error below 36 cm (MAE) and an update rate of up to 3 Hz.

CCS Concepts

« Networks — Location based services; Mobile ad hoc net-
works; « Computer systems organization — Sensor networks;
Embedded software.
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1 Introduction

In recent years, precise location awareness has become a critical
capability for mobile applications. This need becomes particularly
evident in environments where GNSSs are unavailable, such as
buildings, tunnels, or caves, where radio-based localisation tech-
niques have proven indispensable. Building on this, the emergence
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and standardisation of UWB technology in the IEEE 802.15.4 stan-
dard, coupled with its excellent ranging performance, has driven
the development of UWB-based real-time location systems (RTLSs)
in recent years.

However, most of these systems require pre-installed infrastructure,
such as static anchors with accurately known positions, which
makes deployment and installation tedious and labour-intensive [5].
Furthermore, there are use cases that require an immediate, ad hoc
deployment of multi-hop localisation systems and so-called self-
localisation capabilities. Examples can be found in the domain of
relative swarm localization [3, 29, 35] or the localisation of first-
responders in unknown buildings [6, 31, 36]. We identify three main
challenges for mobile self-localisation systems:

I. Efficient gathering of distance information. To self-localise
a network, nodes must collect sufficient distance data from one an-
other. UWB-based two-way ranging (TWR) schemes are a promis-
ing candidate for this task due to their accuracy. Intuitively, increas-
ing the number of measured distances between neighbouring nodes
enhances the network’s self-localisation accuracy. However, this
approach introduces a scalability challenge: in a fully connected
network, the number of distance measurements grows quadratically
with the number of nodes, making sequential pairwise distance
measurements among all devices infeasible. Furthermore, given
the number of distance measurements and the high update rate re-
quired in mobile scenarios, system-wide coordination is necessary
to avoid collisions in the contested radio frequency (RF) domain.
Therefore, systems are needed that enable the efficient collection
of distance measurements across an increasing number of devices.
IL. Sharing distance information in a mobile multi-hop net-
work. Assuming that distance information has been gathered on
individual nodes throughout the network, the next step is to com-
bine this distributed information to enable self-localisation. To this
end, UWB radios are often accompanied by secondary narrowband
radios for communication and management e.g., within the FIRA
standard [41] or the narrowband-assisted multi-millisecond scheme
in the upcoming IEEE 802.15.4ab standard [17]. However, these solu-
tions typically focus on one-to-one ranging and do not consider the
dissemination of ranging information within large-scale multi-hop
networks.
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Additionally, while data collection has been well studied in the con-
text of wireless sensor networks (WSNs), high mobility within the
network poses a severe challenge, as it prevents the establishment
of static, known communication routes. However, for the applica-
tion of self-localisation in mobile, infrastructure-free, multi-hop
networks, information must be shared reliably and promptly to
support real-time operation and minimise transmission latency.
III. On-device self-localisation of a multi-hop UWB network.
Once all distance information has been gathered, the positions
have to be estimated. Several algorithms, including multilatera-
tion [4, 6, 38] and optimisation-based methods [5, 9, 16, 28], have
been proposed to address this problem. Many existing methods are
limited to small-scale (i.e., less than ten nodes), single-hop setups or
are too computationally expensive and have only run on powerful
edge devices. However, the scaling of ranging information within
the network means that offloading computations to edge devices
incurs high latency costs. This highlights the need for lightweight,
scalable algorithms suitable for resource-constrained devices, such
as Nordic’s popular nRF52 series microcontroller units (MCUs) with
a 64 MHz Cortex-M4.

Lack of a holistic approach. In this context, a large body of work
investigated different aspects of the self-localisation of UWB net-
works [27]. Nevertheless, existing solutions from both industry and
academia typically focus on small-scale, single-hop environments
or address the complexity of managing multi-hop networks and of
live data collection by relying on simulations or prerecorded data
rather than real deployments. As a result, systems are required that
address all the aforementioned challenges holistically.

Our contributions. In response to these demands, this paper
presents FLock, a flooding-assisted self-localisation system de-
signed for mobile, constrained devices. FLock integrates three main
components: (i) an UWB-based ranging protocol for efficient one-
to-many distance measurements among neighbouring nodes, (ii) a
lightweight data dissemination protocol based on the Open Synchro-
nous Flooding (OSF) framework that enables robust data sharing
in high-mobility, multi-hop networks, and (iii) an on-device locali-
sation engine employing a lightweight gradient descent algorithm.
By integrating these components, FLock provides both relative
and absolute self-localisation capabilities without relying on fixed
anchors or external infrastructure. To validate FLock, we conduct
simulations in diverse setups, compare localisation performance
against other algorithms, and validate our results in real-world
experiments with up to 29 nodes in a testbed environment. Our
results demonstrate that FLock delivers accurate (mean absolute er-
ror < 36 cm), real-time (update rate < 1 Hz) localisation directly on
embedded devices in both static and mobile environments. FLock’s
source code will be open-sourced to allow future development and
extensions [33].

Paper structure. The remainder of this paper is structured as fol-
lows: After reviewing the related work in Section 2, we give an
introduction to UWB and OSF in Section 3 before introducing the
design and implementation of FLock in Section 4. Section 5, inves-
tigates the system’s performance in real-world scenarios covering
static and mobile real-world experiments. Finally, Section 6 pro-
vides an outlook for future work before we conclude the paper in
Section 7.
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2 Related Work

In this section, we review self-localisation in sensor networks, fo-
cusing on recent UWB-based approaches summarised in Table 1.
Radio-based self-localisation in sensor networks. RF-based
localisation of (mobile) nodes has been studied since the early days
of WSNs. Due to the high complexity and deployment cost of pre-
installed infrastructure - i.e., anchor nodes with known positions
- or applications that demand infrastructure-free operations, the
issues of self-calibration and collaborative localisation have quickly
gained importance [2, 10, 24, 40]. These terms — self-calibration,
self-localisation, self-positioning, and collaborative localisation —
are often used interchangeably [27], referring to localisation of
static anchors with partially known positions or relative position-
ing in mobile networks (e.g., drone swarms). The rise of UWB and
its precise ranging capabilities has spurred new research.
Self-localisation in single-hop UWB networks. Hamer et al. [16]
proposed a self-calibration for static anchors in a single-hop net-
work. Using beacon messages in tight synchronisation, the devices
continuously exchange ranging information and share estimates of
their positions. Each device computes its own position via gradient-
based optimisation, using distances and positions from neighbours.
With three known positions, the approach led to an root mean
square error (RMSE) of 9.7 cm in an eight-node single-hop network.
Ridolfi et al. [28] extended this with on-device machine learning to
detect and mitigate non-line-of-sight (NLOS) effects, achieving an
accuracy of 2.4 cm in a 4-node single-hop network.
Multidimensional scaling (MDS) refers to a group of functions
that were originally intended to visualise the relation between
any set of data points. In recent years, however, MDS has also
emerged as a key method for relative [7] and absolute [8, 9, 22]
self-localisation in UWB networks. MDS reduces a dissimilarity
matrix (i.e. distances) to a lower-dimensional space (i.e. node coor-
dinates). Classical MDS provides a closed-form solution, building
upon an eigenvalue decomposition and hence requires a square
distance matrix, i.e. single-hop, all-to-all distance measurements. In
contrast, the more general metric MDS uses the so-called SMACOF
(scaling by majorizing a complicated function) approach. Here, the
coordinates are determined by iteratively minimising a majoriza-
tion function, called stress. Di Franco et al. explored metric MDS
variants that account for NLOS errors [7] and incorporated known
anchor positions [8, 9]. Experiments with up to 9 nodes achieved an
accuracy of 45 cm [9]. Koledoye et al. [22] handled missing range
measurements by introducing weights and published their Python
implementation [21]. Due to the complexity of metric MDS and the
iterative stress-majorization optimisation often used, these methods
have not been run on-device yet.

However, Santoro et al. [30] used classic MDS with time-series
data to resolve ambiguities and improve relative localisation. They
demonstrated a mobile node localising five static nodes in a one-hop
setup. The closed-form classic MDS enabled on-device computation,
achieving an RSME below 20 cm.

From single to multi-hop. Corbalan et al. [5] evaluated metric
MDS for anchor self-localisation in large-scale multi-hop networks
with prerecorded data of up to 36 nodes across three environments.
In these deployments, MDS proved to be feasible with mean errors
well below 50 cm.
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Table 1: Summary of UWB-based self-localisation solutions.

Reference mobility #Nodes Localisation algorithm on-device data-collection/ multi-hop rel./abs.
distribution capable localisation
Hamer et al. [16] X 8 distributed gradient-descent v UWB X absolute
Ridolfi et al. [28] X 4 distributed gradient-descent v UWB X absolute
Di Franco et al. [9] X 9 metric MDS / dynamic MDS X not-specified X absolute
Di Franco et al. [7] v 13 metric MDS X not-specified X relative
Santoro et al. [30] X 6 classical MDS v WiFi X relative
Cao et al. [4] v 12 multilateration X UWB ~ (2-hops) relative
Dhekne et al. [6] v 10 multilateration X WiFi ~ (2-hops) absolute
Corbalan et al. [5] X 36 metric MDS X prerecorded data v absolute
Herbruggen et al. [38] X 18 multilateration + BFGS X (single-hop) sub-GHz RF v absolute
FLock v 30 centralized gradient-descent v narrowband flooding v both

Herbruggen et al. [38] proposed a different approach. They pre-
sented a three-stage multi-hop self-calibration algorithm for UWB
anchors: First, multilateration for initial anchor estimates, second,
an optimisation for position refinement and finally, a mobile tag
can be used to refine uncertain anchor positions. In an Industry 4.0
testbed (18 anchors, metal racks), they achieved a mean absolute
error of 21.6 cm.

Dhekne et al. [6] developed a localisation system for first responders.
A mobile drone outside a building enabled the localisation of devices
inside by leveraging time-series data. Devices without direct drone-
connectivity estimate positions via two-hop localisation using a
multilateration approach.

Cao et al. [4] introduced a scheduling algorithm for efficient ranging
in dynamic UWB networks. They also addressed relative localisa-
tion within the network. Each node maps its local neighbourhood
via trilateration and least-squares optimisation. By sharing the local
map among the direct neighbours, an off-device algorithm merges
these maps into larger ones. However, the localisation performance
of this approach was not evaluated.

The gap to be filled. Extensive research has already advanced self-
localisation of UWB networks (see Table 1). However, there is still
no system that unites live data collection, in-network aggregation,
and on-device real-time computation for multi-hop networks. Most
work remains limited to single-hop networks [9, 16, 28]. Multi-hop
studies often rely on pre-recorded data and overlook challenges
like measurement coordination [5, 38], or support only a limited
number of hops [3, 6]. Furthermore, on-device self-localisation
remains restricted to small-scale single-hop setups [16, 28].

3 Background

This section provides an overview of the underlying technologies
on which FLock is built.

A primer on ultra-wideband. In contrast to narrowband, UWB
signals are characterised by their large bandwidth (typically above
500 MHz). The most common UWB radio technology used at this
stage was introduced in 2007 in the IEEE 802.15.4 standard for low-
rate wireless networks as part of the IEEE 802.15.4a amendment.
There, UWB is defined as an impulse-radio, meaning that trans-
missions consist of a sequence of very short (typically less than
2 ns) pulses. These short pulses, combined with the high bandwidth,
enable excellent spatial resolution. This property enables precise
estimation of a signal’s transmission and reception timestamps,
typically with picosecond resolution, making UWB an excellent
candidate for time-of-flight (ToF)- based distance estimation.
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Figure 1: Ranging sequence of single- and double-sided TWR
to determine the distance via the ToF by measuring the round-
trip (R) and delay-times (D).

UWSB frame structure. A UWB frame consists of multiple different
sub-parts: First, there is a synchronization header (SHR) that itself
consists of a preamble and a start-of-frame delimiter (SFD). The
preamble is a ternary sequence of predefined pulses (i.e., positive,
negative, or absent pulses) that are repeatedly transmitted to allow
the receiving device to synchronise with the transmitter. The length
of the preamble, i.e., the number of repetitions of the preamble
symbol, is called preamble symbol repetitions (PSR). The SFD then
marks the end of the SHR and the beginning of the data-portion of
the frame. The second part, the data-portion, consists of a physical
header (PHR) - containing general information such as the frame
length and the data-rate of the remaining frame - and the actual
payload with up to 127 byte of data. In contrast to the SHR where
data is encoded in individual pulses, the information in the data-
portion is encoded using a burst position modulation binary-phase
shift keying (BPM-BPSK) scheme.

UWB-based ranging. The excellent time resolution of UWB enables
a range of ranging and localisation techniques based on a signal’s
ToF that can be multiplied with the speed-of-light to get a distance.
The presumably most widespread technique to obtain the ToF of
a signal is two-way ranging (TWR). Due to its simplicity and the
absence of tight synchronisation requirements, TWR is applicable in
many applications. For TWR, at least two messages are exchanged
between an initiator and responder (single-sided two-way ranging
(SS-TWR)). By measuring the intervals between transmission and
reception of the two frames, the distance between the two devices
is estimated (see Figure 1). However, this technique is susceptible to
clock drift, which is common in low-cost, low-power devices [26].
To prevent ranging errors due to clock-frequency offset (CFO),
double-sided two-way ranging (DS-TWR) schemes can be used.
By transmitting an additional message, the impact of response
delays can be mitigated, and a more precise distance estimate can
be obtained [26].

A primer on synchronous flooding. Synchronous flooding is a
communication paradigm for wireless networks that has proven



its value, especially for low-power networks [34]. It is based on
the concept of time-synchronised transmissions, in which nodes,
after receiving a message, repeat and broadcast it simultaneously
in a tightly coordinated fashion [42]. Concurrent transmissions of
the same message lead to constructive interference and leverage
the capture effect to enable highly reliable and efficient message
propagation over multiple hops [1]. Starting with Glossy [11], syn-
chronous flooding quickly became popular and has been utilised
in various flooding primitives, such as Chaos [23], Crystal [18, 19],
and Weaver [37].

OSF is a framework for synchronous flooding that enables the
design of diverse flooding protocols [1]. Building on the Contiki-
NG [14] operating system, it supports different narrowband radios
from the Nordic nRF family. OSF supports multiple narrowband
physical layers (PHYs) - i.e., narrowband IEEE 802.15.4 and different
Bluetooth Low-Energy (BLE) PHYs such as 1M, 2M or coded PHY -
allowing the protocol to be adapted to specific energy, reliability,
and latency constraints. A protocol is defined as a sequence of
rounds. An S-round is used to synchronise the participating nodes,
while transmission (T) and acknowledgement (A) rounds are used
to reliably exchange data. To improve robustness and gain multi-
hop capabilities, each flood is repeated several times within each
round. Using the so-called ntx parameter, one can configure the
number of repetitions.

4 FLock: Design and Implementation

In this section, we describe the design of FLock and its different
building blocks. We introduce the high-level design rationales of
FLock in Section 4.1 and give an overview of the system in Sec-
tion 4.2. In Section 4.3, we introduce FLock’s ranging protocol and
evaluate its scalability and the real-world performance in a testbed
with up to 29 nodes. Section 4.4 describes how we use flooding to
disseminate the obtained ranging information across the network
and its scaling behaviour. Finally, in Section 4.5 we introduce the
on-device localisation algorithm based on a gradient descent (GD)
approach and evaluate its performance in simulated scenarios.

4.1 Design Rationale

We summarise below the fundamental design principles that guide
the conception and implementation of FLock.

Precise, robust and efficient ranging. In a localisation system,
performance is mostly determined by the accuracy and precision of
the underlying ranging technology. Moreover, low-latency distance
measurements are essential for supporting multiple mobile devices.
Thanks to its excellent temporal resolution and its capability to
accurately and securely determine distance information with low-
latency using ToF, UWB is a natural choice for RF-based ranging.
Several ranging paradigms have been proposed for UWB, including
TWR and time-difference of arrival (TDOA) schemes. In FLock, we
adopt a TWR scheme for its simplicity and flexibility. Unlike TDOA,
TWR schemes do not require tight nanosecond-level time synchro-
nisation. Instead, nodes determine distances to neighbouring nodes
using a straightforward handshake protocol (see Section 3). To
ensure precise and robust distance estimates, FLock employs a
staggered variant of the DS-TWR scheme, which combines efficient
ranging with high precision (see Section 4.3).
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Dissemination of ranging information. Our selection of the
communication backbone is guided by four key requirements: First,
the backbone needs to be multi-hop-capable to cover large-scale
areas and deployments. Second, it must be agnostic to mobility
to support roaming nodes within the network. Third, the back-
bone should provide network-wide synchronisation to coordinate
ranging slots across the network. Lastly, the backbone should be
self-sustaining and not require additional infrastructure to operate
independently. Although efficient and robust routing protocols have
been widely studied in static sensor networks, these approaches of-
ten overlook mobility. We rule out infrastructure-based alternatives
(i.e., WiFi or cellular technologies) because they depend on external
infrastructure. Instead, FLock leverages the broadcast capabilities
of synchronous flooding schemes. Synchronous flooding has proven
to be an efficient and reliable communication paradigm for low-
power and lossy networks (LLNSs), being inherently stateless - i.e.,
it does not rely on pre-established communication routes. In highly
dynamic networks, the stateless nature of flooding maintains reli-
able communication without requiring explicit routing or network
maintenance. Additionally, synchronous flooding provides network-
wide synchronisation, which can be exploited to schedule UWB
ranging slots. UWB-based flooding would be a promising candi-
date, due to its high data-rates of up to 27.2 Mbit/s, and has already
proven its suitability for flooding [25, 37]. However, with FLock,
we relied on narrowband flooding to separate ranging from com-
munication. This separation allows ranging measurements while
simultaneously disseminating data across the network.
Real-time, on-device self-localisation. Although many algo-
rithms have been proposed for self-localisation in radio networks,
most are limited to single-hop deployments or require computation-
ally intensive processing performed offline rather than directly on
the resource-constrained device (see Section 2). While offloading
computation enables the use of nearly unconstrained computational
power, it also adds overhead, latency, and communication com-
plexity. FLock therefore explores a lightweight, multi-hop-capable,
on-device solution. To this end, we employ a gradient descent (GD)
approach that enables real-time processing of collected ranging
information, even on constrained devices (see Section 4.5).

4.2 FLock System Overview

Next, we provide an overview of FLock’s design before delving
into the implementation details in the following sections. Figure 2a
gives an overview of the system. With FLock, several nodes form
a localisation network. Thus, they make use of two radios. First,
a narrowband (i.e., BLE) radio is used to synchronise the network
and establish communication among all nodes via a synchronous
flooding protocol built on top of OSF [1]. Section 4.4 provides de-
tails on how FLock leverages flooding to disseminate the gathered
distance information throughout the network. Second, an UWB
radio is used to obtain distance information from all the neighbours
in the vicinity. Section 4.3 will detail how a staggered ranging ap-
proach can be utilised to efficiently gather this information. Sharing
distance information among all participants in the network via the
OSF backbone allows each node to compute a position estimate
for the entire network using the on-device localisation engine (see
Section 4.5).
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(a) Overview of a FLock network.

(b) FLocK’s protocol for the data dissemination and ranging.

Figure 2: An overview of FLock. An OSF-based flooding protocol is used for synchronisation and data dissemination. Aligned
ranging slots are used by the nodes to initiate rangings to their neighbours. Using the measured and shared distance estimates,
each node can compute the positions of all nodes within the network.

Hardware and software implementation. We implement FLock
on the DWM1001-DEV board from Qorvo. These developer boards
feature an nRF52832 MCU and a DW1000 UWB transceiver, at-
tached via SPL The Bluetooth 5.4-compliant radio in the MCU is
used for narrowband flooding, whereas the UWB transceiver pro-
vides range measurements.

FLock builds on top of the OSF framework, which itself is built
on the Contiki-NG [14] operating system. For FLock, we added a
DW1000 driver to Contiki-NG and implemented a DS-TWR ranging
scheme (see Section 4.3), the OSF-based data-dissemination proto-
col (see Section 4.4), and the on-device localisation algorithm (see
Section 4.5). The on-device localisation has been implemented as a
Contiki-NG process, whereas time-critical tasks such as OSF and
UWSB radio tasks are interrupt-based and can therefore always be
executed preemptively.

4.3 Staggered Two-way Ranging

In the following, we describe the used ranging scheme and evaluate
its performance in terms of accuracy and precision, as well as its
scaling behaviour.

Ranging scheme. In FLock each node has a contention-free rang-
ing slot in which it can initiate rangings to its neighbours. The
slot alignment is derived from the synchronisation provided by
OSF, and the slot assignment is determined by the node’s OSF ID.
To determine the distances among the nodes, we use a staggered
variant of the DS-TWR scheme. Figure 2b contains the ranging
protocol. Each node has its own ranging slot, during which it initi-
ates a ranging round by broadcasting a request message containing
the desired ranging partners, randomly chosen from its currently
known neighbours. The request message serves a dual purpose as
a beacon message for neighbourhood discovery, so that all listen-
ing neighbours can update their neighbourhood tables accordingly.
Hence, also with no known neighbours, an empty request must
be broadcast. The ranging partners sequentially respond - in the
order indicated by the request — with a response message that con-
tains no additional payload. After receiving the RESPONSE messages,
the initiator broadcasts a final message containing the ranging
data for the neighbours to complete the ranging. As the DW1000 is

26.2m f

5.7m

@
G O (@ @G B _06_=06 O

Figure 3: Sketch of the testbed used for the experiments.

known to be susceptible to range bias due to varying received signal
strength, we apply the vendor-provided range-bias correction.
Support for different UWB-PHY configs. UWB offers a variety
of PHY settings to tune the performance to specific needs [15]. Some
of these parameters, i.e., the data rate or the length of the PSR, have
a significant impact on the transmission time of a frame. Hence,
the timing of FLock’s ranging scheme can be adapted to different
configurations to optimise the system for update rate, robustness,
or energy efficiency. In this paper, we investigate two different PHY
configurations: one with a short preamble of length 64 (psr64) and
one with a long preamble of length 1024 (psr1024). While psr64
minimises the air time (max. 250 ps vs. 1.2 ms) and thereby allows
higher update-rates, PsR1024 ought to improve the robustness of
the preamble and therefore the distance estimate. If not explicitly
stated otherwise, we use PSR64 as our default configuration. Other
than that, both configurations use channel 5 with a pulse-repetition
frequency (PRF) of 64 MHz and a data rate of 6.8 Mbit/s.
Ranging performance. Next, we evaluate the accuracy and pre-
cision of the ranging scheme in a real-world deployment using a
testbed facility at our premises (see Figure 3) [32]. The 29 nodes
are distributed across an ofFFICE and a CORRIDOR. Ground-truth
positions for the nodes were obtained using a Leica Nova MS60
total station theodolite. We deploy FLock and let the nodes perform
range measurements among themselves using both PHY config-
urations. More than 200 measurements have been taken for each
node pair. The matrix in Figure 4 shows the median absolute error
of all ranging pairs. While there are no links between the office
and the hallway environment, most node pairs have offsets well
below 30 cm. The outliers with errors above 30 cm mainly stem
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Figure 5: CDF of the observed ranging error in the testbed
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from NLOS conditions concerning distance measurements with
nodes (5) and (6). An interesting observation is the node pair ((9),
), despite clear line-of-sight (LOS), suffers from outliers in both
directions and for both PHYs (psr64 and Psr1024) with 58 cm and
33 cm median absolute error, respectively. We attribute this to an
unfortunate placement and multipath components that might lead
to destructive interference [15].

Figure 5 shows the cumulative distribution function (CDF) of the
ranging error. We manually label all node pairs in the testbed,
distinguishing between LOS (86.90 % of the pairs) and NLOS. Under
LOS the ranging performance of both psr64 and Psr1024 is similar,
with a median absolute error of 9.3 cm and 9.4 cm respectively, and
a 99th percentile of 38.1 cm for both configurations. In the case of
NLOS however, we see a significant impact of the longer preamble,
with a median absolute error of 22.5 cm (PSrR1024) versus 43.8 cm
(psr64) and a 99th percentile of 3.68 m and 11.34m respectively.
Focusing on the LOS rangings, the distribution of the ranging errors
follows a normal distribution with ¢ = 13.7 cm and g = —3.8 cm.
Ranging update rate and scalability. The scalability of the rang-
ing scheme is limited by the payload length of the UWB frame. A
standard frame in the IEEE 802.15.4 can carry up to 125 bytes of
payload (127 - 2 bytes for a checksum). Losing five bytes to message
headers — which includes the node addresses and a frame type -
leaves us with 120 bytes of payload. The critical part of the ranging
is the final message, which contains the measured R; and D; in-
tervals. Each of these timestamps needs 4 bytes, hence limiting the
number of ranging partners per slot to 15. Using the non-standard
extended-length data frame with up to 1023 bytes offered by the
DW1000, one can increase the number of ranging partners per slot
to 127.
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Figure 6: Achievable update rate for the data-dissemination
and ’all-to-all’ rangings calculated based on the configura-
tion’s timing constraints.

Regarding the update rate of the ranging scheme, we must account
for the varying PHYs. We define an update as a full set of ’all-to-
all’ measurements within the network. For example, in a ten-node
network, this means measuring 90 distances. Figure 6 shows the
theoretical update rate for the two different PHY configurations
based on their timing requirements. Using Psr64 with 10 nodes
results in an update rate of 11.6 Hz, whereas with PsrR1024 only
4.6 Hz could be achieved. Notably, all-to-all rangings are the upper
bound on the ranging information that can be gathered within a
network and, hence, represent a worst-case scenario with respect
to the update rate. Especially in multi-hop scenarios with limited
connectivity, foreseeing all-to-all measurements is excessive.

4.4 Flooding-based Data Dissemination

To this end, data dissemination and collection using OSF have
been utilised only for one-to-all and all-to-one connections [1].
These tasks are often implemented via an ’STA’ protocol: after a
sync-round (S-round), a single transmission (T-round) is performed,
which is acknowledged by the receiver afterwards (A-round). This
pattern has proven to be very effective and robust for sensor net-
works, especially when data is generated aperiodically. With this
protocol, collisions in the T-round can be easily detected and re-
solved in the A-round and mitigated via a random backoff [1].

With FLock however, we expect new ranging data from each node
in each period. Hence, using a STA protocol would lead to numerous
flood collisions and limit the system’s throughput. A group acknowl-
edgement, i.e., a mechanism that verifies the successful reception
on all participating devices, is not feasible for a dynamic network
where participants could leave the network at any time. Instead,
we leverage a novel STT protocol (see Figure 2b) in which, after a
sync round (S), each participating node has its own contention-free
timeslot (T) to broadcast its latest ranging data. Consequently, we
can rely on the redundancy of the flooding scheme to ensure data
is distributed to all participants. Figure 6 illustrates the relation of
the achievable update rate for an increasing number of nodes and
an increasing number of flood retransmissions (ntx). In OSF, by
default, per ntx, the maximum number of hops is doubled, leading
to a up to four-hop network for ntx = 2 and a 16-hop network for
ntx = 8. We thereby define the update rate as the minimum period
length of the STT protocol, with every node having a contention-
free slot. To minimise latency in data dissemination, we use the
2M PHY with an ntx of 2, which is sufficient for our deployments.
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4.5 On-device Localisation Engine

Localisation is performed via an iterative network adjustment. The
goal is to find node positions that minimise the sum of the squared
residuals. Hence, we define the objective function for our optimisa-
tion problem as

min " (llpi = pyll = diy)?

dijeD

with d; ; € D being the measured distance between node i and j
and p; € P being the estimated position of a node i.
With the GD method, we iteratively approach this minimum. For
each step, we iterate over all observed distances, compute the gradi-
ent of the node positions, and update them. The GD method has two
hyperparameters. The maximum number of iterations T performed
and the learning rate a. While T specifies how many steps will be
taken for the algorithm, o determines the size of the step along the
calculated gradient.
Depending on the quality of the initial guesses and the coherence of
the distance measurements, the algorithm might converge faster or
slower. In each iteration, we track convergence by the mean residual
R and its improvement. If the improvement in an iteration falls
below a defined threshold § for multiple consecutive iterations, we
assume the algorithm has converged and terminate before reaching
the maximum number of iterations.
Estimation quality and resolving ambiguities. Furthermore,
the final value of R yields information about the quality of the
estimate. If the estimated points fit the observations, R converges
to the expected measurement deviation. In contrast, if the observed
deviation differs significantly from the expected one, it is likely
that the algorithm converged to an ambiguous solution or that the
measurements contain faulty distances e.g., due to NLOS. We use
this information to rerun the GD algorithm with a new set of initial
positions.
Chosen default parameters. If not explicitly stated otherwise,
we set the learning rate @ = 0.02 and the number of maximum
iterations T = 500. Further, we set the early break threshold § =
1 mm and expect the average residuals R to be below 25 cm, which is
roughly twice the o of our ranging measurements (see Section 4.3).
If R is larger than the expected value, we rerun the GD with a
different set of initial positions up to 16 times. If, after 16 retries, no
satisfactory solution could be found, we consider the localisation
to have failed and return the position estimate from the best run.
Simulation and comparison to other algorithms. Next, we test
the on-device engine using simulated distance information across
different scenarios to assess its performance in diverse setups. Using
a Python script, we generate various random scenarios, simulate
the distance measurements, and send them via serial to a test node
running the on-device engine. For the tested scenarios, we ran-
domly place an increasing number of nodes (15, 30, 45) in square
environments (10 m, 20 m and 30 m edge length). We ensure that
the resulting network is connected and select four known positions
at the network’s edge to reduce the possibility of ambiguities [5].
The known positions are selected automatically by calculating the
network’s centre of mass, dividing it into quadrants, and selecting,
in each quadrant, the node with the largest distance to the centre.
Furthermore, we restrict the distance measurements to 15 m, result-
ing in single-hop scenarios in the 10 m X 10 m case and multi-hop
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Figure 7: CDF of the localisation error in the simulations.
While the first plot only includes simulations that were also
solved by GNU Gama, the second shows the distribution
of all 2250 simulations. Results for the on-device GD with
confidence refer to solutions that meet our quality criterion
(average residual < 25 cm) within 16 retries.

scenarios with up to three hops in the other environments. To mimic
our real-world measurements, we add normally-distributed noise
to the distance measurements with ¢ = 13.7cm and p = —3.8 cm
according to our ranging measurements (see Section 4.3). For each
environment, we test 25 random arrangements and repeat each one
10 times with new distance estimates, resulting in a total of 2250
simulations. For fairness, we clear the connected device’s memory
between each simulation to ensure that previous estimates do not
affect subsequent runs.

We compare the on-device engine with two different off-device
solutions: first, GNU Gama [39], an open-source package intended
for geodetic surveying and second, the publicly available MDS im-
plementation provided by Koledoye et al. [21] that extends the MDS
implementation of the Python scikit-learn package similar to
the proposed solution of Corbalan et al. [5]. Following the sugges-
tions from Corbalan et al. [5], we run the MDS multiple (1, 16, 128)
times with different initialisation values to reduce the impact of am-
biguities. While MDS and also our on-device approach always yield
a result, due to its background in geodetic applications, GNU Gama
does not return a solution e.g., if there are unresolved ambiguities
in the network configuration or if a network is underdetermined.
Hence, based on the results, we have to distinguish between two
cases: first, we consider all simulated scenarios (2250 simulations);
second, only scenarios in which GNU Gama also returned a result
(1374 simulations). Furthermore, we differentiate for our on-device
localisation if the engine has been confident in the result (i.e., if
the mean residual R is < 25 cm). Figure 7 shows the CDFs of the
localisation errors, obtained by the different algorithms. Focusing
on the scenarios with a successful GNU Gama estimate, we can
see that GNU Gama outperforms the other algorithms with a mean
absolute error (MAE) of just 6.9 cm, compared to the 10.3 cm of
the on-device GD (10.1 cm with confidence) and the 75.9 cm of the
best performing MDS with 128 runs (Mps128). The 95" percentiles
vary from 15 cm (GNU Gama) to 20.2 cm (on-device GD) and 20 cm



(on-device GD with confidence). In our simulations, the MDS vari-
ants are not robust to ambiguities and poor network configurations,
leading to a 95" percentile from 3.398 m (MDs128, 128 repetitions)
to more than 13.8 m (Mps with single run).

Considering all tested scenarios, including those that could not be
solved by GNU Gama, we see that overall performance deteriorates.
Over all 2250 simulations, the on-device GD achieved a MAE of
17.2 cm (15.8 cm with confidence), compared to 94.6 cm of the best
performing MDS (Mps128). Also the 95" percentile increases from
46.4 cm and 43 cm (with confidence) of the on-device GD to 3.461 m
for Mps128.

Runtime complexity and scaling behaviour. Next, we examine
the runtime behaviour of the on-device GD algorithm to assess
the feasibility of real-time on-device self-localisation. The runtime
of the algorithm depends on two main factors: First, the number
of distance observations |D|. Let n be the number of nodes in our
network; the maximum number of edges is n * (n — 1). As our
distance measurements are directed, for each edge, we obtain up to
two observations (d;; # dj;), leading to a maximum of 2n+(n—1) €
O(n?) observations to be processed. Second, the maximum number
of iterations T is a constant. While an early stopping criterion
can be used to terminate the algorithm earlier, a maximum bound
T ensures termination. As T is a constant, the complexity of the
localisation lies within O(n?).

For real networks, runtime will be strongly influenced by the layout
and by the quality and consistency of the measurements. To assess
the runtime of the on-device GD algorithm, we measure its runtime
during the simulation and compare it with the runtime of the off-
device GnuGama and MDS implementations. Notably, while the
MDS implementation is purely Python-based and thus likely to
experience some performance degradation, GNU Gama is written
in C++ and can therefore directly leverage the CPU’s capabilities.
Both off-device algorithms are executed sequentially on an Intel
17-8565U CPU. Instead, the on-device algorithm runs on the Nordic
nRF52832 MCU of the DWM1001-dev board. For on-device GD,
we measure runtime using the MCU’s timer with a resolution of
16 pus. During the experiment, the node was not connected to a
FLock network, so interrupts from OSF or the UWB radio could
not affect the runtime. For the on-device GD, we timestamp just
before initialisation and just after the last retry’s termination. For
the off-device algorithms, we track calculation time using system
time, excluding additional overhead such as data formatting as
much as possible.

Figure 8 shows the scaling behaviour of the algorithms for an in-
creasing number of nodes. The median runtime of the GD increases
from 418.7 ms (15 nodes), to 3.222 s (45 nodes). If we prime the
GD with the estimates from the previous runs, this runtime can be
significantly reduced to a range between 42.6 ms (15 nodes) and
148.8 ms (45 nodes). The reason for the long runtime of the clean
GD can be seen in two metrics: First, the number of retries, with a
mean of 0.83 for clean runs compared to a mean of 0.07 for primed
ones; second, the average number of iterations of the GD increases
from 41.3 for the primed runs to 228.6 for the cleaned runs.
Focusing on the comparison values from GNU Gama, it is evident
that a pure C++ implementation on a laptop yields a runtime advan-
tage compared to the on-device GD method running on the MCU.

Schubh et al.

i on-device GD (clean)

10* 3
= H é B on-device GD (primed)
Eoll B & & | = oNUGama ]
10 =
2 MDS
2k 'i"li -Pfi '1'_1_11',[' == MDSI6 o
& lT .{.T = EEE MDS128
1
10 TI 1 1
15 30 45
Number of Nodes

Figure 8: Runtime comparison of the different algorithms
during the simulation for an increasing number of nodes.
The on-device GD has been executed in two variants with
different initialisation coordinates: ’clean’, with random co-
ordinates for each run, and ’primed’, with initialisation coor-
dinates taken from the previous run’s results.

The runtime rises from only 8.04 ms (15 nodes) to just 58.71 ms.
However, it can also be seen that GNU Gama’s runtime increases
faster than that of the on-device GD method as GNU Gama solves
the system of normal equations whose complexity scales with the
cube of the number of nodes (O(n?)).

Interestingly, for the MDS variants, we observe a less pronounced
increase in runtime with increasing node count. For the single-run
MDS, the runtime increases from 29.09 ms (15 nodes) to 40.81 ms
(45 nodes) and from 808.20 ms to 1237.51 ms for MDs128, respec-
tively. We conjecture that this flat rise stems from the increasing
number of ambiguities as the number of nodes increases in a multi-
hop scenario. Running into ambiguities could trick the MDS into
believing that a solution has been found, thereby terminating the
optimisation. This observation also aligns with the localisation per-
formance, showing large outliers for MDS in complex scenarios
due to ambiguities.

5 FLock in the Real World

In this section, we evaluate the performance of FLock in real-world
conditions. We first investigate the performance of FLock in two
static environments, OFFICE and CORRIDOR (see Section 5.1). Next,
shifting to mobile setups, we demonstrate FLock’s ability to track
nodes across multiple hops, and present an example of relative
localisation compared with the ground truth from a motion capture
(MOCAP) system (see Section 5.2).

5.1 FLock in Static Environmnents

Next, we evaluate the performance of FLock in the same testbed en-
vironment as the range measurements (see Section 4.3). As shown
in the ranging measurements (see Figure 4), the testbed is split into
two disjoint environments using UWB: an OFFICE and a CORRIDOR.
In the following, we will evaluate these environments separately
using both PHYs (Psr64 and psr1024) and enforce multi-hop con-
nectivity within the CORRIDOR by filtering out UWB ranges above
10m. For the experiment, we run FLock on the devices with an OSF
period length of 1s, resulting in an update rate of 1 Hz. For each
configuration and setup, we make 3000 localisation attempts. In
addition to the position estimates, we track the reported average
residual of the gradient-descent algorithm (R) and the number of
retries and iterations required. A summary of the experiments is
provided in Table 2. In the following, we discuss the individual
setups in detail.
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Figure 10: CDF of the localisation error in the oFFICE for the
two different PHYs configurations.

FLock in the oFFiICE. First, we run FLock in the office with nine
nodes (nodes @— in Figure 3) of which three positions are known
(@9, (27) and (22)). This setup is considered simple, as all nodes are
deployed along the walls of a nearly square room in a single-hop
environment, with clear LOS. The maps in Figure 9 show the mean
estimated node positions, along with error ellipses that depict the
95" percentile of the estimates, magnified by a factor of 20 for
visibility. Figure 10 shows CDF of the according localisation error.
As can be seen, in this favourable environment, the localisation
performance of the two different PHYs matches within a couple
of centimetres. While psr64 yields an MAE of 15.4 cm, PSrR1024
obtains 17.1 cm MAE with a 95 percentile of 19.7 cm and 22.4 cm
respectively. The similarity in performance is also evident in the av-
erage residual reported by the localisation algorithm, with 12.3 cm
for psr64 and psr1024, respectively. For both PHY, the algorithm
immediately found a solution without any retries.

FLock in the CORRIDOR. Next, we take a look at the performance
in the 20-node setup in the CORRIDOR (nodes (1)-20). We select
four known positions (@ @ @ and ) at the edge of the net-
work to reduce the possibility of ambiguities [5]. Here, the nodes
are mostly arranged symmetrically opposite one another along a
corridor, creating a more challenging environment. We conjecture
that measurements among nodes placed mostly along a line yield
valuable information in one dimension but not in the other, leading
to a high geometric dilution of precision (GDOP). Hence, we expect
a higher resolution along the corridor than across its width.

The first column in Figure 11 shows the localisation performance
for psr64 and Psr1024 while the CDF of the localisation error can

Table 2: Summary of the localisation performance.

OFFICE CORRIDOR CORRIDOR CORRIDOR
single-hop single-hop multi-hop

LOS only LOS only

=+ < < =+

N N N ]

N =3 < = < = N =
] — o — =l — el —
& = = = = o & =
@ @ 7 % % @ @ @
= A A A A A A A

RMSE [cm] | 1576 | 17.78 | 401.26| 49.08 | 4530 | 36.46 | 38.26 | 85.14
MAE [cm] | 15.41 | 17.11 | 281.80| 33.19 | 25.98 | 22.24 | 23.17 | 35.96
9577 [em] | 19.66 | 22.36 | 928.04| 65.88 | 78.01 | 59.15 | 43.67 | 101.02
Rlem] | 12.29 | 12.29 | 188.39| 27.45 | 16.55 | 22.07 9.34 | 19.40
#iterations 9.53 9.18 | 227.14| 21.85 | 16.44 | 17.03 | 16.24 | 29.32
#retries 0.00 0.00 | 15.78 1.27 0.08 0.72 0.02 0.59
success [%] 100 100 1.40 | 92.03 | 99.53 | 95.53 | 99.90 | 96.37

be seen in Figure 12 (solid lines). In this environment, the configu-
ration with the short preamble leads to severe outliers. Psr64 yields
a MAE of 2.818 m and 95" percentile of 9.280 m, while the psr1024
configuration achieves a MAE of 33.2 cm with a 95" percentile of
65.9 cm due to its more robust distance estimations (see Section 4.3).
The decreased localisation performance is also evident in the esti-
mated average residuals: while PsrR1024 converges to an average of
27.4 cm, PsR64 achieves only 1.884 m.

Impact of NLOS. To verify that the inferior performance of psr64
is indeed due to NLOS, we next remove the affected nodes (@ and
(¢)) from the setup. The second column in Figure 11 shows the
localisation performance of the remaining nodes with the corre-
sponding CDFs in Figure 12 (dashed lines). Indeed, for Psr64 we
can see an improvement of the localisation error to 26.0 cm (from
2.818 m with NLOS) while for psr1024 the MAE reduces to 22.2 cm
(from 33.2 cm). For the 95" percentile this leads to a reduction to
78.01 cm (PSR64) and 59.15 cm (Psr1024).

From single- to multi-hop. To assess the performance in a multi-
hop setup, we next limit the range of the UWB distance estimates
by filtering distance measurements above 10 m. Therefore, the cor-
RIDOR environment extends to a multi-hop setup with up to three
hops. By removing @ and @ we focus on the LOS measurements,
as distance-based filtering would affect the NLOS performance of
our measurements. The third column in Figure 11 shows the locali-
sation performance for this setup, with the CDF of the localisation
error being depicted by the dotted lines in Figure 12. As shown in
the CDF, the localisation performance decreases slightly compared
to the single-hop scenario, with a MAE of 23.2 cm (Psr64) compared
to 36.0 cm (PsR1024) and a 95!" percentile of 43.6 cm and 95.2 cm.
Notably, the outliers in the PSR1024 case have been caused by ’flip-
ping’ nodes (e.g., of nodes (7) and (13)) caused by the network’s
symmetric geometry and the GDOP.

5.2 From Static to Mobile Setups

We next investigate FLock in two mobile scenarios. First, we show
FLock with a roaming node traversing multiple hops within the
network. Second, we show how FLock can be used for relative
localisation with five nodes.

Multi-hop roaming within FLock. To demonstrate FLock’s abil-
ity to seamlessly track nodes across multiple hops, we deploy FLock
on the testbed with the two disjunct UWB domains OFFICE and
CORRIDOR (see Figure 4). To simulate multiple hops, we reuse the
CORRIDOR’s multi-hop setup from Section 5.1. Notably, even though
OFFICE and CORRIDOR are disjunct UWB domains, they still form a
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Figure 14: CDF of the static nodes in the roaming experiment.

FLock and share all distance measurements via the OSF backbone.
During the experiment, we move a mobile node carried by a person
at walking speed through the oFFICE in a half-circle, then up and
down the CORRIDOR. On its path, the mobile node traverses across
four different hops (one hop oFFICE, three hops CORRIDOR) and even
seamlessly roams between two disjunct UWB domains.

Figure 13 shows the setup and the calculated path of the mobile
node estimated by FLock. We track errors on the static nodes in the
testbed to assess the impact of moving a node. The CDF in Figure 14
shows the distribution of the error of the static nodes during the
experiment. Compared to the static evaluation in the CORRIDOR, we
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Figure 15: Relative localisation in a single-hop setup with
five nodes. Plots show the reference positions of the nodes in

different colours, and the corresponding estimates of FLock.

see a slight decrease in the localisation performance from a MAE
to 26.8 cm from 23 cm and a increase in the outliers with a 95"
percentile increasing from 43.6 cm to 83.1 cm.

Relative localisation in highly mobile scenarios. Next, we in-
vestigate the relative localisation capabilities of FLock. For this ex-
periment, we use a small-scale setup in which all node positions can
also be tracked by a Qualisys MOCAP system with sub-millimetre
accuracy at an update rate of 100 Hz. The test environment is a
4m X 4m environment that is tracked by 8 Miqus M3 cameras. The
accuracy of the MOCAP system after calibration is reported to be
0.76 mm. For the experiment, we use five DWM1001-dev boards.
One, placed in the centre of the area, is connected to a laptop via
serial and reports the relative position estimates with an update
rate of 3 Hz and hence remains stationary. The four remaining de-
vices have been carried by people roughly at the same height as
the stationary one and moved around it in two circles (clockwise
and counterclockwise) within a minute. On the arrival of a new
measurement, the laptop retrieves the ground-truth positions of
the nodes from the MOCAP and compares them with the FLock’s
estimates. To compare the estimated positions with the ground
truth, we use the Kabsch algorithm [20] to rotate each estimate and
align it with the ground truth. Thus, we fit the relative estimate to
the absolute ground truth without altering the network’s layout.
Figure 15 shows the localisation performance of the relative locali-
sation and the comparison to the ground-truth. The corresponding
CDF of the experiment can be seen in Figure 16. As shown, FLock
has reconstructed the network’s movement with a MAE of 19.3 cm,
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Figure 16: CDF of the relative localisation error of the on-
device localisation separated between confident (average
residual < 25 cm) and failed localisation attempts.

a RMSE of 32.7 cm and a 95* percentile of 57.4 cm. During the ex-
periment, 79 % of the estimates are within the confidence criterion
of the GD algorithm i.e., within the expected two sigma (25 cm)
limit of the average residual R. Due to the dynamic setup, it is not
possible to control the current geometry and, consequently, the
network’s stability. Furthermore, individuals carrying the device
impact the measurements by creating NLOS conditions. Focusing
on the failed attempts, with R exceeding 25 cm, reveals a MAE
of 60.2 cm compared to 13.6 cm for the confident cases. However,
since the GD method is capable of identifying these uncertainties, it
proves to be robust in the face of erroneous measurements. During
the experiment, on average, the GD took 51.7 ms with an average
of 35.7 iterations and 3.38 retries.

6 Discussion and Future Work

FLock presents a step towards the self-localisation of multi-hop
networks, opening future directions.

Leveraging next generation of UWB devices. While FLock
has been implemented as a proof-of-concept on a well-established
UWB platform due to availability reasons, the next generation of
UWRB radios offers new and interesting capabilities for network
self-localisation. The introduction of the IEEE 802.15.4z-amendment
improved the security of UWB range measurements through ran-
domised pulse sequences (scrambled timestamp sequenece (STS)).
While security has been out of scope of this work, future work will
incorporate security to foster FLock against attackers.
Integration of additional location information. The integra-
tion of angle-of-arrival features in modern multi-antenna UWB-
receivers not only enables accurate distance measurements among
devices but also provides angular information. Recent work from
Garg et al. [13] demonstrated how additional angular information
can be used to reduce the total number of required range mea-
surements. Hence, leveraging angular information within FLock’s
localisation engine could not only improve the quality of the net-
work estimate but also resolve ambiguities in the network and
reduce the number of required measurements.

In addition to UWB measurements, modern mobile devices such as
smartphones and wearables offer a wide variety of motion sensors
that can be used to refine the position estimate, reduce ambigui-
ties and decrease localisation requirements such as the number of
known positions. Additionally, incorporating a notion of time into
FLock could improve the quality and robustness of localisation.
Hence, future work will investigate how to integrate additional
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location information and the implications for the required compu-
tational and communication overhead.

Robustness against NLOS. Our real-world experiments showed
FLock’s susceptibility to erroneous measurements, for example,
due to NLOS. Therefore, future work will investigate how to incor-
porate on-device classification and mitigation techniques, such as
lightweight machine learning approaches [12]. Furthermore, intro-
ducing extensions such as weighting and outlier detection into the
GD algorithm is a promising approach to enhance the robustness
of FLock’s estimates under challenging real-world conditions.
From 2D to 3D. In this paper, we focused only on localisation in
two dimensions. While FLock’s principles could easily be adapted
to three dimensions, the additional degree of freedom increases
ambiguity, complicating the establishment of a unique network.
FLock in diverse, highly mobile deployments. This paper quan-
tifies FLock’s performance across different environments and de-
ployments and investigates it in various simulated scenarios. How-
ever, due to the lack of automated testing facilities for dynamic,
large-scale deployments, our mobility experiments are limited in
both size and the number of nodes. Hence, deploying FLock on a
large-scale, dynamic, multi-hop network i.e., a drone swarm with
dozens of flying nodes, would be an interesting challenge.
Towards a flock of FLocks. In this paper, we showed that FLock
allows networks to scale from small-scale deployments with only a
handful of devices towards larger-scale deployments with dozens
of devices. However, in the current state, the scalability of FLock
towards hundreds of devices is limited by two major obstacles.
First, the communication backbone: As flooding creates a network-
wide shared medium, contention-free slots for each device limit
scalability with linear growth. Second, the quadratic growth of the
ranging data increases computational costs, which is especially
concerning for devices with limited computational power. Hence,
in future work, we want to investigate how to overcome these
limitations, i.e., by splitting the network into (sub-)clusters that
could cooperate to form a flock of FLocks. Thus, each cluster could
share and process its ranging data within the cluster, reporting
only the calculated positions to the entire network. As a result,
both communication and computational effort could be distributed
across the different clusters. However, this approach will require
new hierarchical flooding paradigms for communication and will
pose interesting management challenges, such as device roaming
among clusters, that warrant investigation in future work.

Need for benchmarking. Although there are already several so-
lutions to the problem of infrastructure-free multi-hop localisation
(see Section 2), there is a lack of comparisons among them. Un-
fortunately, existing work so far has merely been made publicly
available, or has been designed with specific hardware require-
ments. Hence, future efforts should focus on comparing the various
solutions head-to-head in repeatable and fair environments.
Considering energy efficiency. To this end, we have not priori-
tised energy efficiency in FLock’s implementation. However, due
to the high energy demand of UWB radios, energy efficiency can
be key for energy-constrained applications. Improvements such as
leveraging energy-efficient narrowband for neighbourhood discov-
ery and scheduling measurements only when needed e.g., if move-
ment has been detected, could save energy and thereby prolong
node lifetimes. Furthermore, sharing estimated positions among



devices would allow devices with even less computational power
or limited energy to obtain position information via the network.

7 Conclusion

In this paper, we introduced FLock, a localisation system leverag-
ing the excellent UWB ranging capabilities alongside the robust
and flexible communication properties of narrowband flooding. By
broadcasting the measured distances among all nodes in the net-
work, FLock efficiently collects the information required to enable
self-localisation of the entire network. A lightweight on-device
localisation engine is presented that enables the network to self-
localise in real time. Combining these properties FLoCK presents a
holistic approach for UWB-based network localisation that collects,
disseminates, and processes ranging data within a single system.
The source code for FLock is available as open source for future
extensions [33].
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