
Magnetic Finger-
printing for In-
door Localization
in a Social Inter-
action Setting

Sotiris Vacanas





Magnetic
Fingerprinting for

Indoor
Localization in a
Social Interaction

Setting
by

Sotiris Vacanas
to obtain the degree of Master of Science

at the Delft University of Technology,
to be defended publicly on June 12, 2026.

Student number: 5466709
Project duration: November 2025 – June 2026
Thesis committee: Dr. Hayley Hung, TU Delft, supervisor

Dr. Stephanie Tan, TU Delft, supervisor
Dr. Manon Kok, TU Delft, examiner

An electronic version of this thesis is available at http://repository.tudelft.nl/.

http://repository.tudelft.nl/




Preface
This thesis is the result of my graduation project carried out at the HOMI-Lab of the Pattern Recognition
and Bioinformatics group of Delft University of Technology. The work investigates whether magnetic
fingerprinting — an infrastructure-free localization approach — can be used to determine the position
of people in a social interaction setting, where movement is unconstrained and driven by interpersonal
behavior rather than navigation goals.

I would like to express my sincere gratitude to my supervisors, Dr. Hayley Hung and Dr. Stephanie
Tan, for their guidance, feedback, and encouragement throughout this project. Their expertise and
thoughtful input were invaluable in shaping both the research direction and the quality of this work.

Research reported in this work was partially or completely facilitated by computational resources
and support of the Delft AI Cluster (DAIC) at TU Delft (RRID: SCR_025091) [4], but remains the sole
responsibility of the author, not the DAIC team.

Sotiris Vacanas
Delft, June 2026

iii





Abstract
Indoor localization in social interaction settings presents unique challenges: participants move freely,
stand still for extended periods, and follow no predetermined trajectories. This thesis investigates
whether magnetic fingerprinting — an infrastructure-free approach exploiting the spatially unique dis-
tortions of the indoor geomagnetic field — can provide reliable zone-level localization under these con-
ditions. An LSTM network is trained on windowed magnetometer sequences collected from body-worn
IMUs (chest badge and drinking cup) during a 30-minute social mingling event involving 32 partici-
pants. Four square grid resolutions (0.25m, 0.5m, 0.75m, 1.0m), a hexagonal grid variant, and a
zone-merging strategy are systematically evaluated across 16 feature configurations per resolution.
Results show that combined dual-sensor features consistently outperform single-sensor variants, and
that coarser grids yield higher exact accuracy while mean physical error remains stable across resolu-
tions at approximately 68–78 cm. At 0.5m resolution, the best configuration places 71% of predictions
within 50 cm of the true location, approaching the accuracy of a UWB baseline system while requiring
no installed infrastructure. Zonemerging and hexagonal tessellation do not provide consistent improve-
ments over the plain square grid, suggesting that magnetic ambiguity rather than data imbalance or cell
geometry is the dominant source of error. The findings demonstrate that infrastructure-free magnetic
fingerprinting is a practically viable approach for coarse spatial awareness in socially dynamic indoor
environments.
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Use of Generative AI
Claude Code (Anthropic, model: claude-sonnet-4-6) was used during the preparation of this thesis. Its
use was limited to the following:

• Writing assistance: improving clarity, academic style, and readability of draft text.

• Text structuring: suggesting section organisation and restructuring the methodology chapter.

• Formatting assistance: converting content into LATEX tables and equations.

• Code assistance: generating boilerplate code for data processing and analysis scripts.

All research questions, experimental design, data collection, analysis, results, and interpretations
are the author’s own. All AI-assisted text was reviewed, verified, and revised by the author before
inclusion. The author retains full responsibility for the accuracy and integrity of the content of this
thesis.
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1
Introduction

Indoor localization remains a challenging problem in today’s world due to the limited availability and
reliability of Global Navigation Satellite Systems (GNSS) in enclosed environments. While numerous
alternative approaches have been proposed, including Wi-Fi fingerprinting, Bluetooth beacons, and
inertial navigation, many of these solutions rely on dedicated infrastructure, suffer from environmental
sensitivity, or accumulate drift over time.

An alternative approach used for indoor localization is the ambient geomagnetic field. The Earth’s
magnetic field provides an interesting alternative that requires no dedicated installed hardware — such
as routers, beacons, or anchors — and is therefore referred to as an infrastructure-free solution for
indoor localization. Despite the fact that inside indoor environments, the magnetic field becomes dis-
torted by the presence of magnetic materials such as steel beams and electronic devices, these effects
are stable over a long period of time, allowing one to model the magnetic field in indoor environments.
Early work has demonstrated that magnetic field measurements can be used to create a fingerprint of
locations inside buildings which allows for indoor positioning [20, 3].

With the advent of Machine Learning over the past years, more methods have been introduced
to better model the complex and subtle patterns present in magnetic field measurements. Neural
networks, in particular, have shown particular promise in capturing non-linear relationships between
magnetic fingerprints and location [19, 2, 26]. However, existing approaches differ widely in their as-
sumptions regarding data collection, spatial partitioning, trajectory constraints, as well as the use of
auxiliary sensors such as inertial measurement units (IMUs). Furthermore, many systems rely on us-
ing magnetic measurements in combination with pedestrian dead reckoning, particle filter frameworks,
or Kalman filters, making it difficult to isolate the contribution of the magnetic fingerprint itself [25, 22].

This thesis investigates indoor localization using magnetic fingerprinting in a social interaction set-
ting, where human movement is inherently unconstrained, irregular, and influenced by interpersonal
behavior. Unlike traditional navigation scenarios, social settings involve spontaneous changes in direc-
tion, frequent stops, small movements, body rotations, and close proximity between individuals. These
factors introduce additional variability in sensor orientation, motion patterns, and magnetic readings,
making localization more challenging but also more representative of real-world indoor behavior.

Rather than focusing on long-term navigation or trajectory reconstruction, the proposed approach
formulates localization as a supervised learning problem in which raw magnetometer readings are
directly mapped to discrete spatial zones. This design choice allows the system to operate without
motion models, step detection, or explicit tracking assumptions, and enables a clearer analysis of how
well magnetic fingerprints alone can support localization under socially dynamic conditions.

The work is guided by the following research question(s):
• Can magnetic fingerprinting alone enable reliable indoor zone-level localization in socially uncon-
strained environments?

• What performance trade-offs can be observed as zone sizes vary?
By addressing these questions through systematic experimentation on a newly collected dataset,

we aim to clarify the achievable performance and limitations of learning-based magnetic fingerprinting
for indoor localization in realistic socially dynamic environments.
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2
Background & Motivation

The core challenge of indoor localization is determining where a person is inside a building. Unlike
outdoor positioning, which can rely on GPS (Global Positioning System) signals from satellites, GPS
signals are too weak to penetrate building structures reliably, leaving the problem unsolved by standard
tools. The general strategy across most indoor approaches is fingerprinting: during an offline phase,
measurements of some physical signal (e.g. radio strength, magnetic field) are collected at known lo-
cations and stored as a reference map; during the online phase, a new measurement from an unknown
location is compared against this map to find the closest match and report a position estimate. What
distinguishes different approaches is the physical signal used and how the comparison is made.

Despite significant research progress in the field, practical indoor localization systems remain diffi-
cult to deploy at scale. Infrastructure-based approaches represent the dominant class of indoor local-
ization solutions. Wi-Fi fingerprinting works by recording the received signal strength (RSS) from nearby
access points at many labelled reference locations, building a map that associates each position with
its characteristic RSS signature; at runtime, a new RSS measurement is matched against this map
to estimate position. While widely deployed, the technique is sensitive to furniture rearrangements,
moving people, and changes in access point configuration, all of which alter the signal environment
over time. Bluetooth Low Energy (BLE) beacons operate on a similar fingerprinting principle at shorter
range and require dedicated beacon hardware to be installed and maintained. Ultra-wideband (UWB)
systems achieve sub-30 cm accuracy by measuring the precise time-of-flight of radio pulses between
a mobile tag and a set of fixed anchors, but require carefully placed and calibrated infrastructure per
venue.

Vision-based methods use cameras or depth sensors to localise a device by matching observed
visual features against a pre-built map (visual SLAM) or by recognising known landmarks. Although
capable of high accuracy, they raise significant privacy concerns when cameras are deployed in occu-
pied spaces, and performance degrades under poor lighting, occlusion, or featureless environments.

Inertial navigation estimates position by double-integrating accelerometer readings and integrating
gyroscope readings to track orientation, requiring no external signals or infrastructure [9]. However,
small sensor noise and bias accumulate with each integration step, causing position error to grow
unboundedly over time—a phenomenon known as drift. Without periodic correction from an external
reference (such as a known landmark or GPS fix), the estimated position diverges rapidly from the true
one, making pure inertial navigation impractical for extended indoor use.

Magnetic fingerprinting provides a compelling alternative: it is passive, infrastructure-free and uses
sensors that are already widely available. However, the indoor magnetic field exhibits relatively low
spatial information density, and measurements are highly sensitive to device orientation, user motion,
and sensor placement. Typical fingerprint matching approaches such asDynamic Time-Warping (DTW)
and model-based magnetic SLAM are not well suited to social interaction settings for distinct reasons.
DTW-based matching compares a query trajectory against stored reference sequences: it therefore
requires the user to follow a path that was previously surveyed, at a comparable speed and orientation.
In social settings, participants frequently stand still, change direction arbitrarily, or revisit the same lo-
cation from different body orientations, making such trajectory-level comparisons unreliable. Magnetic
SLAM, as demonstrated by Kok and Solin [11], simultaneously estimates position and builds a mag-
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6 2. Background & Motivation

netic map of the environment, but depends on continuous motion to accumulate new observations and
propagate position updates. Extended periods of stillness—common during conversations—provide
no new trajectory information, stalling the localisation process. Both families of methods are addition-
ally sensitive to sensor orientation and walking speed, which vary substantially in unconstrained social
interactions.

Recent surveys have shown that neural-network-based geomagnetic localization shows promise,
albeit with some limitations that emphasize the importance of proper feature representation, orientation
handling, and inconsistent ground truth acquisition methods [18, 15]. Many existing studies rely on
predetermined trajectories [27, 14], static reference points, or simulated trajectories [7], which limits
their applicability to real-world use cases.

In contrast, social interaction settings allow people to move naturally without any constraints. Unlike
structured data collection protocols—where a surveyor deliberately walks a pre-planned route to ensure
uniform spatial coverage—social participants move according to interpersonal goals: they approach
conversational partners, form groups, and then stand still for extended periods. This behavior produces
trajectories that are short, clustered, and highly repetitive rather than space-filling. Figure 5.1 illustrates
this concretely: the occupancy heatmaps show that observations accumulate heavily in a few central
zones while peripheral zones are rarely visited. Because each zone must accumulate enough samples
for the model to learn a reliable fingerprint, infrequently visited zones are likely to be misclassified, and
the classifier may become biased toward the dominant central zones. Addressing these challenges is
an important step toward deploying indoor localization systems in realistic environments where human
behavior, rather than navigation efficiency, dictates movement patterns.

During data collection, participants were also equipped with a Locatify badge that provides position
estimates using a UWB-based localization system. These badges record two-dimensional coordinates
and are specified by the manufacturer to achieve an accuracy of up to 30 cm. To assess real-world
accuracy in the experimental setting, the badge-reported positions were compared against indepen-
dent ground-truth positions derived from ceiling-mounted cameras (described in Section 4.2). This
validation revealed a mean position error of approximately 50 cm, already exceeding the manufacturer
specification, suggesting that UWB accuracy is sensitive to the specific room geometry and anchor
placement and may degrade in a small, crowded space with many moving bodies causing multipath
signal reflections.



3
Related Work

Indoor localization has attracted significant research interest due to the limitations of GNSS signals in
enclosed environments. Among infrastructure-free approaches, magnetic fingerprinting has emerged
as a promising alternative because it uses naturally occurring magnetic distortions caused by building
structures. Due to these distortions exhibiting spatial variability, as well as consistent over time, they
are suitable for discriminating between locations [16].

3.1. Classical Magnetic Fingerprinting
Magnetic fingerprinting methods typically operate in two phases: an offline survey phase and an online
phase for pattern matching. During the survey phase, a person walks through the target area carrying
a magnetometer and records magnetic field measurements at known, labelled locations, building a ref-
erence map that associates each location with its characteristic magnetic signature. This map is then
used during the online phase to match new measurements against stored fingerprints and estimate
position. Parralejo et al.[16] conducted a comprehensive evaluation of neural network architectures for
magnetic fingerprinting and demonstrated that shallow multilayer perceptrons (MLPs) achieved com-
petitive performance compared to deeper convolutional networks. Their study also highlighted the
influence of device heterogeneity on localization accuracy, emphasizing a critical practical challenge in
magnetic-based systems.

Similarly, Ashraf et al. [1] investigated deep neural networks (DNNs) for magnetic fingerprint clas-
sification using heterogeneous smartphones. Their results confirmed that magnetic fingerprints are
discriminative but sensitive to device-dependent variations, which can introduce positioning bias.

However, a common characteristic across these studies is the use of structured data collection
protocols, typically involving controlled sampling at labeled reference locations.

3.2. Sequence-Based Magnetic Fingerprinting
Unlike Wi-Fi fingerprints, magnetic signals exhibit strong temporal correlation when collected along
walking trajectories. Recent studies exploit this property using recurrent neural networks (RNNs) and
long short-term memory (LSTM) models.

The work performed by [6] in 2017 showed that applying RNNs to magnetic sequences yielded
promising results, with an average localization error of 1m.

Furthermore, Platte et al. [17] proposed an LSTM-based method operating on sequential geomag-
netic vectors fused with gravitational vectors while also eliminating the need for accurate 2D coordinates
by simply having the users who collected the data label where the data came from. Their approach
demonstrated that temporal modeling significantly improves recognition rates compared to static clas-
sification.

Similarly, Liu et al. [12] used spiking neural networks to detect distinctive magnetic landmarks—
locations with a uniquely recognisable field signature—and used these detections to periodically cor-
rect the accumulated drift of a pedestrian dead reckoning (PDR) system. PDR estimates position by
counting steps and tracking heading from inertial sensors, but accumulates error over time; magnetic
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8 3. Related Work

landmark detection provides a correction signal whenever the user passes a known landmark. This
illustrates how learning-based models can capture characteristic patterns in the magnetic sequence
even for a correction task rather than full localisation. Sequence modeling has also been explored in
RNN-based geomagnetic localization frameworks, where recurrent architectures outperform traditional
fingerprint matching under dynamic motion conditions.

Additionally, Ding et al. [5] proposed a CNN-LSTM hybrid in which a one-dimensional CNN first pro-
cesses the raw magnetic sequence fingerprint to suppress noise and extract local patterns, producing
a flattened feature vector that is then passed into a three-layer LSTM for temporal modelling. The mo-
tivation is that raw magnetic sequences are susceptible to environmental noise, making it hard for an
LSTM alone to localise accurately from unfiltered input. Their method achieves mean errors of 0.26m,
0.64m, and 0.93m across three environments, outperforming a plain RNN-LSTM baseline by 34–57%.
While this architecture is a natural candidate, Klipp et al. [8] directly compared CNN and LSTM net-
works on magnetic localization and found that LSTM-based models achieved higher precision. This,
combined with the relatively small input dimensionality in our setting (at most 8 channels per timestep),
makes a plain LSTM a well-justified and interpretable choice over a more complex CNN-LSTM pipeline.

These studies collectively suggest that incorporating temporal dependencies enhances robustness
and reduces ambiguity inherent in static magnetic fingerprints. Concretely, Jang et al. [6] reported a
mean localization error of 1m using an RNN on magnetic sequences, while Platte et al. [17] demon-
strated that their LSTM-based approach substantially improved recognition rates over static nearest-
neighbour matching on the same dataset. Ding et al. [5] further showed that their CNN-LSTM hybrid
reduced localization error compared to K-NN and single-layer neural network baselines, with the se-
quential component being the primary driver of the improvement.

3.3. Deep Learning for Feature Representation
Convolutional neural networks (CNNs) have been applied increasingly to magnetic fingerprinting. Sys-
tems such as MINLOC employ CNN-based feature extraction to capture spatial patterns embedded in
magnetic signals. Parralejo et al.[16] showed that convolutional architectures provide competitive per-
formance, but may not significantly outperform well-optimized shallow models when the dataset size is
limited.

Deep learning approaches improve generalization by learning nonlinear relationships betweenmag-
netic vectors and spatial locations. However, they also introduce challenges including overfitting, com-
putational complexity, and training data requirements.

3.4. Mapping Efficiency and Data Collection Constraints
Magnetic fingerprinting typically requires extensive data collection. To address this limitation researchers
have proposed a pedometer-free approach. Maficon[23] removes the assumption of constant walking
speed and alignsmagnetic sequences using trajectory similarity instead of step-based constraints. This
improves practical usability while maintaining distinguishable fingerprints.

Crowdsourcing-based systems further attempt to reduce manual survey effort. The SVD-CSP [13]
framework leverages IMU and magnetic signals to align walking trajectories and construct radio maps
using sparse crowd-sensed data. While such approaches reduce manual survey effort, they rely on
coherent walking trajectories generated through pedestrian dead reckoning (PDR), thereby introducing
movement constraints during data acquisition.

3.5. Multimodal Magnetic Fusion
While pure magnetic fingerprinting is infrastructure-free, some systems incorporate complementary
modalities to improve accuracy. For instance, integration of WiFi, geomagnetic, and light sensors
via deep feedforward networks [21] has shown improved performance compared to single-modality
systems. However, such fusion increases infrastructure dependence and other constraints, while miti-
gating one of the primary advantages of magnetic-only systems.
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3.6. Summary and Design Implications
The body of related work leads to several concrete design decisions for the present study. First,
sequence-based models—particularly LSTMs—consistently outperform static fingerprint matching by
exploiting temporal structure in magnetic signals [6, 17], motivating the use of a sliding-window LSTM
rather than a point-wise classifier. Second, dual-sensor or multi-axis feature sets provide richer spatial
information than single-axis or magnitude-only inputs [16, 2], informing the evaluation of multiple fea-
ture subsets including combined badge and cup configurations. Third, existing work almost universally
relies on structured walking trajectories for data collection and model training; our setting—where par-
ticipants move freely according to social goals—is fundamentally different and requires an approach
that does not assume continuous or directed motion. Finally, the consistent use of predetermined paths
or simulated data in prior studies [27, 7] limits howmuch their results generalise to real human-centered
environments, reinforcing the need for evaluation on naturally collected data.





4
Data

4.1. Collection Setting
Data were collected during a structured 30-minute social mingling event (hereafter Mingling 1), involving
32 participants in an indoor room measuring approximately 5 × 6 metres. Each participant wore two
inertial measurement units (IMUs) sampling at 50 Hz: a badge clipped to the chest, and a sensor
embedded in a drinking cup. Both devices recorded three-axis magnetometer (MAG), accelerometer,
and gyroscope readings throughout the session. Mingling 1 is used throughout this work.

4.2. Ground Truth Acquisition
Spatial ground truth was obtained from three ceiling-mounted cameras (Camera 06, Camera 08, Cam-
era 10) recording at 60 fps. Human poses were estimated in each camera’s image using ViTPose
[24], a vision transformer-based pose estimator that predicts the 2D locations of body keypoints (e.g.
ankles, knees, hips, shoulders) by regressing heatmaps over the image. Each predicted keypoint is
accompanied by a confidence score derived from the peak value of its heatmap, reflecting the model’s
certainty about the keypoint’s location. Keypoints with a confidence score below a threshold of 0.3
were discarded as unreliable detections and not used in subsequent position estimation.

Floor positions were recovered by back-projecting the estimated ankle keypoints — the most reli-
able foot-level indicator of ground contact — to the room plane using each camera’s calibrated extrinsic
parameters, transforming all detections into a shared world frame defined by Camera 06. When a par-
ticipant was visible to more than one camera in the same frame, the per-camera position estimates
were merged as a confidence-weighted average, where each camera’s contribution was weighted by
the mean confidence of its ankle keypoints. This approach gives greater influence to cameras that pro-
duced high-confidence detections and suppresses estimates from cameras with occluded or uncertain
views. Orientation was taken from the camera yielding the highest mean keypoint confidence for that
participant in that frame. This produced one position and orientation record per participant per frame
at 60 Hz. Although orientation was recorded, only the 2D floor position is used in this work to assign
zone labels; orientation is not used as a training signal or evaluation target.

4.3. Data Preprocessing
Before zone labels could be assigned, the IMU streams and the camera-derived ground truth were
brought into a common temporal reference frame. The two data sources operate at different sampling
rates: the IMUs record at 50Hz while the cameras produce position estimates at 60Hz. Camera
ground-truth positions were therefore linearly interpolated to the IMU timestamps, yielding one position
record per IMU sample per participant.

Frames in which a participant was not detected by any camera were treated as missing. Consec-
utive missing segments shorter than 0.5 s were filled by linear interpolation between the surrounding
valid estimates; longer gaps were left unlabelled and the corresponding IMU windows were excluded
from training and evaluation.

11



12 4. Data

The scalar field magnitude was clipped to a maximum of 200 𝜇T to suppress sensor saturation
artefacts; no lower-bound filter was applied. No hard-iron or soft-iron calibration was applied, as the
goal of the study is to assess raw magnetometer signals under realistic body-worn conditions.



5
Method

5.1. Zone Definition
The room was discretised into a regular grid of square cells. Four cell sizes were evaluated — 0.25
m, 0.5 m, 0.75 m, and 1.0 m — yielding grids of varying spatial resolution. Zone labels were assigned
to each ground-truth position by mapping the (x, y) coordinate to its enclosing grid cell. Cells with no
observed occupancy across the session were discarded. Positions outside the room boundary were
discarded as outlier back-projections.

Figure 5.1 shows the occupancy heatmaps for each cell size, where colour intensity indicates the
total number of ground-truth observations in each zone across all participants and frames. The distribu-
tion is markedly uneven: zones near the centre of the room accumulate substantially more observations
than those along the walls, reflecting the tendency of participants to congregate in conversational clus-
ters away from the periphery. This imbalance is a natural consequence of the unconstrained social
setting and is expected to affect the model’s ability to learn reliable fingerprints for infrequently visited
zones. Evaluating coarser cell sizes (0.5m, 0.75m, 1.0m) is partly motivated by this: larger cells ag-
gregate more observations per zone, reducing the severity of the imbalance and potentially enabling
more reliable per-zone learning, at the cost of reduced spatial precision.

5.2. Feature Extraction and Windowing
The geomagnetic field measured by body-worn IMUs produces a locally unique temporal pattern as
a participant moves through the room [6]. Rather than treating individual magnetometer readings as
static fingerprints, we exploit this temporal structure by applying a sliding window to each participant’s
time series, following the sequential classification approach of [17].

Both the window length (2–10 seconds) and stride (0.5–2 seconds) were treated as hyperparam-
eters and tuned jointly with the model. Each window produces an 8-dimensional feature vector per
timestep: MAG X, Y, Z, and magnitude from the badge, followed by the same four from the cup. The

scalar field magnitude ‖B‖ = √𝐵2𝑥 + 𝐵2𝑦 + 𝐵2𝑧 is included alongside the directional axes because it
is invariant to sensor orientation: rotating the device changes the distribution of the field across the
X, Y, and Z axes but leaves the total magnitude unchanged. This makes the magnitude a stable,
orientation-independent indicator of the local field strength, which varies spatially due to the distortions
introduced by ferromagnetic building materials. Including it therefore provides a complementary signal
to the orientation-sensitive XYZ components.

Eight feature subsets were evaluated, summarised in Table 5.1.
These are Badge XYZ, Badge XYZ + mag, Badge mag only, the corresponding three cup variants

(Cup XYZ, Cup XYZ + mag, Cup mag only), and two combined variants (Badge + Cup XYZ and Badge
+ Cup XYZ + mag), as listed in Table 5.1. Each subset was also evaluated in two rotation variants:
raw sensor-frame axes (norot) and axes rotated into the world frame via DMP quaternion (rot), yielding
16 feature configurations per cell size and 64 configurations in total. The Digital Motion Processor
(DMP) is an onboard processing unit embedded in the IMU chip that continuously fuses accelerometer,
gyroscope, and magnetometer readings to estimate the sensor’s orientation in real time. This fusion is

13



14 5. Method

(a) 0.25m cells (318 zones) (b) 0.50m cells

(c) 0.75m cells (d) 1.00m cells (28 zones)

Figure 5.1: Zone occupancy heatmaps for each evaluated cell size. Colour intensity indicates cumulative ground-truth observa-
tions per zone across all participants. White cells were never occupied and are excluded from the dataset.

output as a quaternion— a four-component representation of 3D rotation—which can be used to rotate
the raw sensor-frame magnetometer axes into a fixed world frame, removing the orientation-dependent
component of the signal and leaving only the location-specific ambient field.

A window was retained only if a tunable fraction of its timesteps (label threshold, tuned in the range
0.5–0.95) had a valid zone label. The majority zone across the valid timesteps was assigned as the
window label. For each participant, the first 80% of samples by time were used for training and the
remaining 20% for testing, preserving temporal order to avoid data leakage.

5.3. Model Architecture
Motivated by prior work demonstrating the effectiveness of LSTM networks for magnetic-based indoor
localization [8, 17], zone classification was performed by an LSTM network taking the full window as
input and producing a softmax distribution over 𝐾 zones from the final hidden state. A CNN-LSTM
hybrid [5] was considered but not adopted for two reasons. First, Klipp et al. [8] directly compared CNN
and LSTM architectures on magnetic localization and found that LSTM achieved higher precision. Sec-
ond, the denoising CNN stage in [5] was motivated by the local temporal structure present in walking
trajectories; in social interaction settings, participants are frequently stationary, reducing the local pat-
tern structure that a 1D-CNN is designed to exploit. A plain LSTM is therefore the more appropriate
inductive bias for this setting, and avoids the additional hyperparameters (filter count, kernel size) that
a CNN stage would introduce into an already large search space. The model was trained using the
Adam optimiser with a cross-entropy loss.
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Table 5.1: Feature subsets evaluated. Each subset was tested with and without world-frame rotation (16 configurations per cell
size).

Label Description Sensor(s) Channels
Badge XYZ Magnetometer X, Y, Z axes Badge 3
Badge XYZ + mag Axes and field magnitude Badge 4
Badge mag only Field magnitude only Badge 1
Cup XYZ Magnetometer X, Y, Z axes Cup 3
Cup XYZ + mag Axes and field magnitude Cup 4
Cup mag only Field magnitude only Cup 1
Badge + Cup XYZ Axes from both sensors Badge + Cup 6
Badge + Cup XYZ + mag Axes and magnitude from both sensors Badge + Cup 8
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Figure 5.2: Overview of the LSTM classification pipeline. Raw magnetometer windows from the badge and cup sensors are
extracted, optionally rotated into the world frame, and fed into an LSTM network whose final hidden state is mapped to a softmax
distribution over 𝐾 zones.
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Experimental Setup

6.1. Spatial Partitioning Variants
The unconstrained nature of social interaction produces a markedly uneven distribution of ground-truth
observations across zones. Peripheral zones visited infrequently accumulate too few samples to train
a reliable per-zone fingerprint. To investigate whether enforcing a minimum sample count per zone
improves classification, a region-growing merging procedure was applied as a post-processing step on
the plain grid partition.

Zones with fewer than 200 ground-truth observations are iteratively merged with their 8-connected
grid neighbours. In each pass, all sparse zones are processed in ascending order of sample count;
each is absorbed into the adjacent neighbour with the greatest number of samples. If a sparse zone has
no occupied neighbours (completely surrounded by empty cells), it is merged with the nearest occupied
zone by grid distance. Passes repeat until every surviving zone meets the 200-sample threshold. Grid
cells that were never visited are assigned to the nearest surviving zone root by grid distance, as in the
plain grid case.

Table 6.1 shows the number of zones before and after merging for each cell size.

Table 6.1: Zone counts before and after region-growing merging (minimum 200 samples per zone).

Cell size Zones (plain grid) Zones (merged) Zones removed
0.25m 318 249 69 (22%)
0.50m 96 76 20 (21%)
0.75m 50 37 13 (26%)
1.00m 28 24 4 (14%)

The merged zone partition is used as a drop-in replacement for the plain grid partition: the same
LSTM model architecture, feature sets, rotation variants, and Optuna tuning procedure are applied
unchanged, with only the zone labels and zone count 𝐾 updated to reflect the merged boundaries.

6.1.1. Hexagonal Grid
As a second partitioning variant, the room was tessellated with a flat-top hexagonal grid. Hexagonal
cells have the geometric property that all six neighbours are equidistant from the cell centre, eliminating
the asymmetry between axis-aligned and diagonal adjacency that exists in square grids. The cell size
parameter is the circumradius— the distance from the cell centre to a vertex — in metres. Circumradii
of 0.25m and 0.5m were evaluated. Because hex cell area scales as (3√3/2) 𝑠2, a circumradius of
0.25m gives a cell area of approximately 0.16m2 (equivalent in area to a 0.40m square cell), and a cir-
cumradius of 0.5m gives approximately 0.65m2 (equivalent to a 0.81m square cell). Consequently the
hexagonal grids are considerably coarser than square grids of the same nominal size: at circumradius
0.25m the partition yields 72 active zones, and at 0.5m it yields 28 active zones. Spatial error is mea-
sured using the hex distance — the minimum number of hex-neighbour steps between the predicted
and true cell — which is the natural analogue of Chebyshev distance for the hexagonal lattice. The
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same LSTM architecture, all 16 feature configurations, and the Optuna tuning procedure were applied
unchanged.

6.2. Hyperparameter Optimisation
Hyperparameters were tuned using Optuna with 20 trials per configuration and 5-fold cross-validation
on the training set. The search space covered: hidden size {64, 128, 256, 512}, number of LSTM layers
(1–3), dropout (0.1–0.5), learning rate (10−4–10−2), batch size {32, 64, 128}, window length, stride, and
label threshold. Unpromising trials were pruned early using the Median Pruner with 5 startup trials and
3 warmup steps. The best hyperparameters from tuning were used to retrain a final model on the full
training set for up to 100 epochs with early stopping (patience 8).

6.3. Evaluation Metrics
Three metrics are reported for each configuration. Test accuracy is the proportion of windows whose
predicted zone exactly matches the true zone. Spatial tolerance measures the proportion of predic-
tions falling within 𝑘 grid cells of the true zone, using the Chebyshev distance between the predicted
zone (𝑥𝑝, 𝑦𝑝) and the true zone (𝑥𝑡 , 𝑦𝑡):

𝑑∞ =max(|𝑥𝑝 − 𝑥𝑡|, |𝑦𝑝 − 𝑦𝑡|) (6.1)

A prediction is counted as within 𝑘 cells if 𝑑∞ ≤ 𝑘. This metric treats diagonal neighbours the same as
axis-aligned neighbours, reflecting the fact that a diagonal step corresponds to the same physical cell
width as an axis-aligned step. Mean cell error reports the average Chebyshev distance across all test
windows, which can be converted to a physical distance by multiplying by the cell size.
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(a) 0.25m: 318 → 249 zones

(b) 0.50m: 96 → 76 zones

(c) 0.75m: 50 → 37 zones

Figure 6.1: Zone partitions before (left half) and after (right half) region-growing merging (0.25m–0.75m). Merged zones are
shown with shared colours indicating which original zones were absorbed together.
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(a) 1.00m: 28 → 24 zones

Figure 6.2: Zone partitions before (left half) and after (right half) region-growing merging (1.00m).
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(a) Circumradius 0.25m (72 active zones)

(b) Circumradius 0.5m (28 active zones)

Figure 6.3: Flat-top hexagonal zone partitions for the two evaluated circumradii. Unoccupied cells are excluded from the active
zone set.
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Results

7.1. Overview
Results are reported for all 64 configurations: 16 feature configurations across each of the four cell sizes
(0.25m, 0.5m, 0.75m, and 1.0m). Metrics are as defined in Section 6: test accuracy, within-𝑘-cells
spatial tolerance (Chebyshev), and mean cell error.

7.2. Effect of Cell Size
Table 7.1 summarises the mean and maximum test accuracy across all completed feature configura-
tions for each evaluated cell size.

Table 7.1: Test accuracy and spatial tolerance by cell size (mean and max across all 16 configurations per cell size).

Cell size Test accuracy Within 1 cell Within 2 cells Mean cell error
mean max mean max mean max mean best

0.25m (16 configs) 0.160 0.239 0.304 0.450 0.466 0.664 4.56 2.86
0.50m (16 configs) 0.230 0.360 0.511 0.710 0.690 0.867 2.25 1.36
0.75m (16 configs) 0.299 0.417 0.649 0.814 0.771 0.856 1.52 1.03
1.00m (16 configs) 0.325 0.459 0.735 0.860 0.831 0.929 1.17 0.78

As expected, exact zone classification is considerably harder at finer spatial resolution. At 0.25m,
the grid comprises 318 active zones, and the best configuration (Badge + Cup XYZ + mag, unrotated)
achieves 23.9% test accuracy. At 0.5m, the task is simpler and the best configuration (Badge + Cup
XYZ + mag, unrotated) achieves 36.0%. In both cases, performance is substantially above the chance
level (approximately 0.3% at 0.25m).

However, exact zone accuracy understates practical localization utility. Expressed in physical units,
the within-1-cell criterion corresponds to 25 cm at the 0.25m resolution and 50 cm at the 0.5m resolu-
tion. At 0.5m, the best configuration places 71.0% of predictions within 50 cm of the correct location and
86.7% within 1m. At 0.25m, 45.0% of predictions fall within 25 cm of the true zone and 66.4% within
50 cm. These tolerance figures are more informative for the intended social interaction use case, where
coarse zone-level awareness is often sufficient.

At 0.75m, the classification task is considerably easier given the coarser grid. The best configuration
(Badge + Cup XYZ + mag, rotated) achieves 41.7% test accuracy, with 78.3% of predictions within
one cell (75 cm) and 84.2% within two cells (1.5m). The mean physical error of this configuration is
approximately 80 cm. Across all 16 configurations at this resolution the mean test accuracy rises to
29.9%, a clear step up from the 0.5m tier.

At 1.0m the grid comprises 28 active zones and the best configuration (Badge + Cup XYZ, unro-
tated) achieves 45.9% test accuracy — the highest exact-match accuracy across all cell sizes evalu-
ated. Within-cell tolerance further improves: 86.0% of predictions fall within one cell (1m) and 91.2%
within two cells (2m), with a mean physical error of approximately 78 cm. As the grid becomes coarser,
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between-zone magnetic contrast increases and the number of classes decreases, both of which fa-
cilitate higher exact accuracy. However, the reduced spatial resolution limits utility for fine-grained
localization tasks.

7.3. Feature Set Comparison
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Figure 7.1: Test accuracy (exact zone match) across all feature subsets and cell sizes. Each cell shows the mean accuracy
averaged over the rotated and unrotated variants.

Figure 7.1 shows the test accuracy across feature subsets and cell sizes. Here, XYZ denotes
the three directional magnetometer axes, mag the scalar field magnitude, badge the chest-mounted
sensor, and cup the drinking-cup sensor. The combined badge and cup configurations consistently
outperform single-sensor variants across all four cell sizes. At 0.25m, Badge + Cup XYZ + mag and
Badge + Cup XYZ reach 23.9% and 22.2% respectively, compared to 20.6% for the best badge-only
variant. At 0.5m, the advantage widens: Badge + Cup XYZ + mag (unrotated) achieves 36.0% and
Badge + Cup XYZ (unrotated) achieves 35.5%, both substantially outperforming the best single-sensor
variant (Badge XYZ + mag, unrotated, 27.8%). At 0.75m and 1.0m the same pattern holds, with
combined configurations reaching 41.7% and 45.9% respectively, against best single-sensor values of
36.9% and 36.1%. This confirms that the two sensors capture complementary spatial information, likely
reflecting their different body-worn positions (chest badge versus drinking cup held at varying heights
and orientations).

Badge-only configurations consistently outperform cup-only counterparts at finer resolutions, with
the gap narrowing at coarser cell sizes. At 0.25m, the best cup variant (Cup XYZ + mag) reaches
14.7%, roughly a third of the best badge result. At 0.5m the gap shrinks (Cup XYZ + mag: 22.9% vs.
Badge XYZ + mag: 27.8%), and at 1.0m the best cup variant (Cup XYZ + mag, unrotated, 36.1%)
marginally exceeds the best badge-only result (Badge XYZ, unrotated, 35.0%). The chest-mounted
badge occupies a more stable position relative to the body than the cup, which is held and moved
freely during social interaction. This positional stability likely results in more consistent magnetometer
readings at fine spatial scales.

Magnitude-only features (Badge mag only and Cup mag only) perform poorly at fine resolutions
(6.1%–11.6% at 0.25m), improving somewhat at coarser cell sizes (up to 20.3% at 1.0m) but consis-
tently ranking last within each cell-size tier. While the field magnitude provides some spatial discrim-
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inability, discarding the directional XYZ components removes substantial location-specific information.
This supports the use of full three-axis measurements, as adopted by prior work [17, 6].

7.4. Effect of World-Frame Rotation
Across all 64 configurations, the unrotated (raw sensor-frame) variant achieves a marginally higher
mean test accuracy than the rotated variant (26.1% vs. 24.6%). This difference is small and inconsis-
tent across feature subsets and cell sizes, suggesting that DMP-based world-frame rotation does not
provide a systematic benefit for zone classification in this setting.

This finding is somewhat counterintuitive. World-frame rotation is intended to remove orientation-
dependent components of the magnetometer signal, leaving only the location-specific ambient field. In
practice, the benefit may be limited because: (i) the LSTM has capacity to learn orientation invariance
from temporal context directly; (ii) the DMP quaternion introduces its own noise and drift; and (iii) in
social interaction settings, participants’ orientations at a given location are naturally diverse across
the session, providing the model with multi-orientation coverage that reduces the dependence on any
single orientation.
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Figure 7.2: Mean test accuracy for world-frame rotated vs. raw sensor-frame configurations, averaged across all 32 completed
feature and cell-size combinations.
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7.5. Baseline Comparison: Locatify UWB
Each participant in the experiment was equipped with a Locatify UWB badge, which provides contin-
uous 2D position estimates using infrastructure mounted in the room. The manufacturer specifies a
nominal accuracy of up to 30 cm. To assess real-world accuracy in the experimental setting, the badge
positions were validated against the camera-derived ground truth via reprojection, yielding a mean
position error of approximately 50 cm across participants.

Table 7.2 places the magnetic fingerprinting results in context alongside the Locatify baseline. For
a fair comparison, we report the mean physical error for each approach, converting the mean cell error
of the best magnetic configuration at each cell size into metres.

Table 7.2: Comparison of the best magnetic fingerprinting configuration against the Locatify UWB baseline. Physical error for
the magnetic system is computed as mean cell error × cell size.

System Infrastructure Mean position error Within 1 cell
Locatify UWB badge Yes (UWB anchors) ∼50 cm —
Magnetic (0.25m, best) No ∼75 cm 44.9%
Magnetic (0.50m, best) No ∼68 cm 71.1%
Magnetic (0.75m, best) No ∼77 cm 81.4%
Magnetic (1.00m, best) No ∼78 cm 86.0%

The Locatify system achieves a lower mean error, as expected from a dedicated UWB positioning
system with known anchor positions. However, several contextual factors temper this comparison.
First, the Locatify badges require fixed UWB infrastructure, which must be installed and calibrated
per venue. Second, validation against the camera ground truth revealed systematic inconsistencies
in the recorded positions, suggesting the real-world accuracy of the UWB system is lower than the
manufacturer specification in this setting. Third, the magnetic fingerprinting system operates entirely
infrastructure-free, requiring only the IMUs already worn by participants.

At the 0.25m resolution, the best magnetic configuration achieves a mean error of approximately
75 cm — 25cm worse than the Locatify baseline — while placing 44.9% of predictions within 25 cm
and 66.4% within 50 cm. At the 0.5m resolution, the best configuration (Badge + Cup XYZ, unrotated)
achieves a mean error of approximately 68 cm, placing 71.1% of predictions within 50 cm and 86.7%
within 1m, closing to within the margin of the UWB baseline while operating entirely infrastructure-
free. At 0.75m, the best configuration (Badge + Cup XYZ + mag, unrotated) achieves a mean error
of approximately 77 cm, with 81.4% of predictions within one cell (75 cm) and 85.4% within two cells
(1.5m). At 1.0m, the best configuration (Badge + Cup XYZ, unrotated) achieves a mean error of
approximately 78 cm, with 86.0% of predictions within one cell (1m) and 91.2% within two cells (2m).
This suggests that for applications requiring coarse spatial awareness — such as detecting social
proximity or identifying conversational groups — infrastructure-free magnetic fingerprinting offers a
practically viable alternative to UWB-based systems across all evaluated resolutions.

7.6. Spatial Error Distribution
The mean cell error at 0.5m ranges from 1.4 to 3.5 cells across configurations, corresponding to phys-
ical distances of approximately 0.7–1.75m. At 0.25m the range is 2.9–6.5 cells (0.72–1.62m). At
0.75m the range narrows to 1.03–2.15 cells (0.77–1.61m), and at 1.0m to 0.78–1.65 cells (0.78–
1.65m). The similarity in physical error magnitude across all four cell sizes reflects a consistent under-
lying spatial ambiguity in the magnetic fingerprint, regardless of how the space is discretised.

7.7. Hyperparameter Analysis
Optuna selected hyperparameters independently for each of the 64 configurations. Table 7.3 sum-
marises the distributions of the most informative parameters across all completed trials.

The largest hidden size (512) was selected in 47% of configurations and 256 in a further 30%,
indicating that higher model capacity consistently benefits the classification task. At 0.25m there are
318 output classes, and even at 1.0m there are 28 classes, so the model must learn a rich internal
representation regardless of resolution. The 64-unit hidden size was selected in only 6% of cases,
confirming that very small models are insufficient.
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Figure 7.3: Mean proportion of predictions falling within one cell (left) and two cells (right) of the true zone, across feature subsets
and cell sizes. Values are averaged over rot and norot variants.

Table 7.3: Distribution of best hyperparameters selected by Optuna across all 64 configurations. Search ranges are given in
parentheses.

Parameter Search space Selected distribution
Hidden size {64, 128, 256, 512} 512: 47%, 256: 30%, 128: 17%, 64: 6%
LSTM layers 1–3 1: 41%, 2: 41%, 3: 19%
Window length (s) 2–10 2 s: 38%, 3–4 s: 36%, ≥5 s: 27%
Batch size {32, 64, 128} 128: 50%, 32: 31%, 64: 19%
Dropout 0.1–0.5 mean 0.31, range 0.10–0.49
Learning rate 10−4–10−2 mean 2.9 × 10−4, max 1.2 × 10−3
Stride (s) 0.5–2.0 mean 1.23
Label threshold 0.5–0.95 mean 0.74, range 0.50–0.95

Single- and two-layer LSTMs were equally preferred (41% each), with three layers selected in only
19% of configurations. At finer resolutions (0.25m), two-layer models were more common, whereas
at coarser resolutions (0.75m and 1.0m) single-layer models dominated, consistent with the view that
additional recurrent depth is more beneficial when the discrimination task is harder.

The 2-second window was selected most frequently overall (38% of configurations), and was dom-
inant at 0.25m (11 of 16 configurations). At coarser resolutions, longer windows of 3–5 s were more
prevalent, suggesting that coarser zones benefit from more temporal context to accumulate discrimi-
native signal. Windows of 8 s or longer were rare (<8%), indicating that very long sequences introduce
noise that outweighs additional coverage. Learning rates were consistently low (mean 2.9 × 10−4; no
configuration exceeded 1.2×10−3 despite the search range extending to 10−2), and larger batch sizes
(128) were preferred in half of all configurations.

7.8. Effect of Zone Merging
Table 7.4 compares the plain-grid and merged-zone results across all cell sizes.

Zone merging does not produce a consistent improvement over the plain grid partition. At fine
resolutions (0.25m and 0.50m), the merged variant underperforms: at 0.25m the best configuration
drops from 23.9% to 22.2%, and at 0.50m from 36.0% to 33.1%. The within-cell tolerance metrics
follow the same trend, with the merged variant producing lower within-1-cell and within-2-cells rates at
both fine resolutions. At 0.75m and 1.0m the differences are negligible: the merged best configuration
marginally exceeds the plain-grid best (42.1% vs. 41.7% at 0.75m and 46.9% vs. 45.9% at 1.0m), but
mean accuracy across all 16 configurations remains essentially the same.

Notably, the identity of the best-performing feature set shifts at 0.25m: the plain grid favours Badge
+ Cup XYZ +mag (dual-sensor combined), whereas the merged grid favours Badge XYZ +mag (badge
only). This suggests that merging alters the spatial boundary structure in ways that interact differently
with different feature combinations, rather than providing a neutral redistribution of training samples.
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Table 7.4: Test accuracy and spatial tolerance for plain-grid versus merged-zone configurations.

Cell size Variant Test accuracy Within 1 cell Within 2 cells
mean max mean max mean max

0.25m Plain 0.160 0.239 0.304 0.450 0.466 0.664
Merged 0.159 0.222 0.262 0.407 0.455 0.661

0.50m Plain 0.230 0.360 0.511 0.710 0.690 0.867
Merged 0.222 0.331 0.459 0.647 0.668 0.834

0.75m Plain 0.299 0.417 0.649 0.814 0.771 0.856
Merged 0.304 0.421 0.628 0.804 0.733 0.846

1.00m Plain 0.325 0.459 0.735 0.860 0.831 0.929
Merged 0.329 0.469 0.714 0.834 0.825 0.921

The absence of a clear benefit from zone merging is consistent with the observation that the domi-
nant source of localization error is magnetic ambiguity rather than data imbalance. Sparse zones are
intrinsically difficult to localise because they are visited infrequently and their magnetic signatures may
closely resemble neighbouring zones; merging them into larger groups reduces the number of classes
but does not resolve the underlying ambiguity. At fine resolutions, merging additionally reduces spatial
discriminability by conflating zones that may have had distinct magnetic profiles.

7.9. Hexagonal Grid
Table 7.5 summarises performance of the hexagonal grid partition for the two complete cell sizes
(0.25m and 0.5m). Spatial tolerance is measured in hex-neighbour steps (hex distance), the natu-
ral analogue of Chebyshev distance for the hexagonal lattice.

Table 7.5: Hexagonal grid results (mean and max across 16 configurations per cell size). Spatial tolerance is in hex-distance
steps.

Cell size (active zones) Test accuracy Within 1 hex Within 2 hexes
mean max mean max mean max

0.25m (72 zones) 0.186 0.282 0.394 0.579 0.590 0.816
0.50m (28 zones) 0.314 0.460 0.635 0.796 0.764 0.864

At both circumradii the best-performing feature set is Badge + Cup XYZ + mag, consistent with
the square grid findings. Because the circumradius parameter yields cells substantially larger than a
square of the same nominal size, the zone counts are most directly comparable with coarser square
grids. At circumradius 0.5m the hexagonal partition produces 28 active zones — identical to the 1.0m
square grid — and achieves essentially the same classification performance: the best configuration
reaches 46.0% exact accuracy versus 45.9% for the best 1.0m square configuration, with 79.6% of
predictions within one hex step. At circumradius 0.25m the hexagonal partition yields 72 active zones,
falling between the 50 zones of the 0.75m square grid and the 96 zones of the 0.5m square grid. The
best configuration achieves 28.2% accuracy, compared to 41.7% for the best 0.75m square configu-
ration at a similar zone count. Taken together, the hexagonal topology does not confer a consistent
accuracy advantage over the square grid at the spatial scales evaluated; classification difficulty ap-
pears to be governed primarily by the number of zones and their magnetic discriminability rather than
by cell geometry.
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8.1. Localization Feasibility
The results demonstrate that magnetic fingerprinting using body-worn magnetometers is feasible for
zone-level localization in a socially dynamic indoor setting, even without motion models, step detec-
tion, or infrastructure. The LSTM model, trained solely on windowed magnetometer sequences, con-
sistently learns to associate temporal signal patterns with spatial zones at levels far exceeding random
chance. This supports the core premise of the approach and partially answers the first research ques-
tion: magnetic fingerprinting alone can provide meaningful spatial information in socially unconstrained
environments.

That said, exact zone accuracy remains modest, particularly at fine spatial resolution. The low ab-
solute accuracy at 0.25m (best 23.9%) reflects the difficulty of disambiguating 318 zones in a small
room where adjacent zones may exhibit highly similar magnetic signatures. Across all four cell sizes,
exact accuracy ranges from 23.9% (0.25m) to 45.9% (1.0m), confirming the expected monotonic re-
lationship between cell size and classification ease. The within-cell tolerance metrics reveal that the
model’s spatial errors are generally small in physical terms: at 0.5m resolution, over 71% of predictions
fall within 50 cm of the true location, rising to 86% at 1.0m. This level of precision may be sufficient for
coarse-grained social proximity analysis, even if precise zone assignment remains unreliable at finer
resolutions.

8.2. Challenges Specific to Social Settings
Several characteristics of the social interaction setting contribute to the observed difficulty. First, par-
ticipants frequently remain stationary during conversations, limiting the temporal diversity of magnetic
sequences observed at each location. An LSTM window of 2–10 s captures only local temporal con-
text, which offers little discriminability when the participant has not moved. Second, the session lasts
30 minutes with 32 participants, of whom only the Mingling 1 session is used for training. This provides
a relatively small training set relative to the number of zones, especially at fine resolutions. Third, the
80/20 temporal split means the test set covers the final portion of the session, during which participants
may occupy different zones from those seen frequently in training, introducing a form of distribution
shift.

8.3. Sensor Placement and Feature Design
The consistent advantage of the badge over the cup sensor suggests that sensor placement is a critical
design decision in body-worn magnetic localization. The chest-mounted badge maintains a relatively
fixed orientation relative to the body during normal interaction, while the cup is subject to arbitrary han-
dling gestures. Future work could explore sensor fusion with explicit orientation filtering (as proposed
in [10]), or dedicated calibration of the cup sensor to reduce handling-induced variability.

The marginal performance difference between Badge XYZ and Badge XYZ + mag (adding field
magnitude) suggests that the magnitude channel provides a small but consistent benefit in some con-
figurations, while not uniformly improving performance across all conditions. This is consistent with

29



30 8. Discussion

prior work showing that field magnitude alone is insufficient for localization but contributes positively
when combined with directional components [2].

8.4. Limitations and Future Work
All 64 configurations have been evaluated, providing a complete picture of the accuracy-resolution
trade-off. The results confirm that coarser grids yield higher exact accuracy while the mean physical
error remains broadly stable across cell sizes (0.68–0.78m for the best configuration at each resolu-
tion), suggesting that the dominant source of error is a consistent spatial ambiguity in the magnetic
fingerprint rather than a discretisation artefact.

A further limitation is that the evaluation is conducted within a single session (Mingling 1), with
temporal splitting for train/test separation. Cross-session generalization — applying a model trained
on Mingling 1 to Mingling 2 data — would provide a stronger test of the fingerprint’s temporal stability
and is a natural direction for future evaluation.

The evaluation is also limited to a plain LSTM architecture. A CNN-LSTM hybrid [5] was not eval-
uated; while the 1D-CNN denoising stage could in principle help with noisy body-worn magnetic se-
quences, the stationarity characteristic of social interaction reduces the local temporal structure that
such a stage is designed to capture. Nonetheless, evaluating a CNN-LSTM variant—particularly for
configurations with longer windows where noise accumulation is greater—remains a natural direction
for future work.

Finally, the hyperparameter search was limited to 20 Optuna trials per configuration due to computa-
tional constraints. A larger search budget or Bayesian warm-starting across related configurations may
yield further performance improvements, particularly for configurations with larger input dimensionality
where the LSTM has more parameters to optimise.
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