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DATA-DRIVEN APPROACH
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POSITIONING IMPROVEMENTS FROM THE START

CDFs of 3D RMSE in the Techtile Environment
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Abstract—Data-driven Indoor positioning systems (IPS) com-
monly require ground truth (GT) labels and are prone fo
envi This makes ¢ labou)
and difficult to scale. This work proposes a IaMemﬂenl amd
self-supervised wltrasonic IPS that removes these requirements
by learning the spatial relationships of the environment directly
from received channel observations. The methed buoilds on
channel charting (CC), using a triplet-based training objective
and a graph neoral network (GNN) to generate a latent chart
that preserves geometric neighbs An affine
step maps the learned chart ‘to physical space using only a
minimal number of reference points. The system is implemented
and evaluated in an indoor testbed. Results demonsirate that
the CC-based approach achieves positioning accuracy close to
comventional supervised learning while requiring neither GT
labels mor anchor coordinate knowledge, highlighting its polential
For ¢ Mortless and scalable deployment. Additional learning during
operation mitigates the difficulties arising from a dynamically
changing environment
Index ]’tms—l.o-mltalion, Indoor emimm!nt, Ultrasonic
stics, Meural d kearning

L INTRODUCTION

Indoor positioning systems (IPSs) are increasingly impor-
tant e.g. in logistics, ion, and robotics. While
most research focuses on improving positioning accuracy. the
practical deployment effort is ofien underestimated. Conven-

tional systems typically require precise anchor pl

leamning approaches are developed to infer spatial structure
without explicit labels [7], [8]. Channel charting (CC) is a
notable example, enabling relative spatial leaming directly
from channel observations without GT labels [9]. This is
also a relative positioning system, vet a simple conversion to
absolute positioning is possible. CC is particularly attractive
for long-term deployment, as mobile nodes (MNs) can provide
data organically during operation without manual intervention.
However, CC has not yet been demonsirated for ultrasonic
IPSs. In this work, we compare conventional supervised learn-
ing with CC-based training using measurements and show
that CC achieves performance close to supervised models,
demonstrating its value for effortless deployment

Section I describes the signaling and hardware setup of
the acoustic IPS. Section I reviews the CC framework, and is
followed by Section IV presenting the measurement campaign
and results. Section V discusses implications, and Section VI
concludes the paper.

II. PosimioNIiNG SYSTEM AMD SiGNaLiNG DEsIGN

The development and validation of the novel label-efficient
self-supervised positioning method, starts from a well-studied
hybrid RF-acoustic IPS [1]. A set of fixed anchor nodes (ANs),
which are speakers with unknown positions deployed through-
out the indoor environment, periodically transmit 30 ms lin-
s, sweeping frequencies from 20 kHz to

and
labeled ground truth (GT) data for training and calibration,

ic chirp
4D kHz. T‘he chirps am chosen for their favourable pulse-

1 properties. providing robustness against noise
and enahlmg accurale ranging using low-cosl, low-power

making installation labour-intensive, time: ing, and sen-
sitive to emvironmental changes. Transfer I.earnlng (TL) can
reduce this burden but still relies on refe Tent

and manual setup [1]. This work addmesses the need for
effortless deployment by exploring label-efficient and self-
supervised learming strategies. The approach is compatible
with the ultrasonic energy neutral (EN)-device IPS demon-
strated in [1].

Most IPS methods assume at least partial knowledge of
anchor positions, dedicated calibration or labelling and rely
on additional sensing modalities such as cameras [2], Light
Detection and Ranging of Lasers (LiDARs) [3]. [4]. or inertial
measurement units (IMUs) [3] for auto-calibration. These so-
lutions increase deployment cost and system complexity. Rela-
tive positioning does close the gap to effortless deployment [6].
Yet anchor placement should partially be known to make
absolute positioning possible and ranging errors can easily lead
to incomect relative positioning. More recently, self-supervised

© ial comp At the end of each transmission,
a single RF sync:hmnizal.ion pulse is emitied. This pulse
simultaneously triggers all MNs to sample a short (1ms)
snapshot of the received acoustic signal. The brief sampling
window in combination with RF-backscatiering of the captured
audio and edge-processing, keeps the energy expenditure at
the MNs low, supporting batteryless, energy-neutral designs
powered through RF wireless energy transfer [1]. In a model-
based (MB) solution each MN processes the acquired audio
segment by cross-comelating it with a the original chimp to
estimaie the propagation delay and, consequently, the range.
For each MN 6 ANs are selecied based on received signal
strength (RSS) [1], from which it will use the data. The con-
ventional MB multilatration method converts these distances
into 3D position estimates via a least squares (LS) solver.
However, due to multipath components (MPCs) and the fact



SEMI SELF-SUPERVISED LEARNING WITH CHANNEL CHARTING (CC)

« Learn a chart: arrange signals in a map-like way Sphy(a, b) ~ 6cc(a, b)
« Alignment of chart space to physical space L+ (pseudo-)distance
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TRIPLET LOSS PRINCIPLE

* Learn a chart: arrange signals in a map-like way Spny(a, b) ~ bcc(a’, b')
« Alignment of chart space to physical space
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HARDWARE SETUP
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® Known positions

FROM CHART SPACE TO PHYSICAL SPACE

« Get some reference points e.g. 10 with known positions
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=== CC 6MNs same GP, X\;j,; = 1.0
CCVS GT-GNN TRAINING ... CC 6MNs same GP, Ajpe = 0.0
--------- GNN [4] reused

- =+=GNN [4] retrained with GT data
- =+=GNN [4] (cabled HW)
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3D RMSE RESULTS

CDF
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EVOLUTION OF ACCURACY IN FUNCTION OF KNOWN GT

POSITIONS
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