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Résumé

The application of machine learning algorithms is explored to enhance magnetic localiza-

tion systems, particularly for foot shape measurement. Traditional methods, such as plaster
casting are long and prone to error (1). On the other hand, optical 3D scanners, have limita-
tions, especially for patients with significant foot deformations due to occlusions and manual
corrections required by orthotists. Magnetic localization offers a promising alternative as
it does not require a line of sight (2), making it suitable for various applications, including
indoor navigation (3), surgical tracking (4), and motion capture (5).
The primary objective of this project was to assess the performance of machine learning
algorithms, specifically Random Forest (RF) and K-Nearest Neighbors (KNN), in improving
the accuracy of magnetic localization. Machine learning models can handle non-linearity and
noise (6-8).

The experimental setup involved a magnetic field generator with four planar coils and a
magnetic field camera featuring 64 magneto-resistive sensors (9). Systematic scanning with
the camera produced 4992 data points, each associated with the magnetic field vector at
specific locations in a 40x40x40 cm?® volume. The camera’s position was controlled with
high precision using rulers and Lego bricks, ensuring accurate measurements.

In addition to experimental data, simulated data were generated using the Python Ra-
dia library, which relies on the Biot-Savart Law (10). This simulation produced 400,221
data points, that were divided into training (80%) and testing (20%) datasets, with the ex-
perimental data serving as an additional test set to evaluate the algorithms’ performance.
RandomForestRegressor and KNeighborsRegressor modules from scikit-learn (v1.5.1) library
(11) were implemented and trained with the simulation train dataset

Random Forest outperformed K-Nearest Neighbors in terms of accuracy. RF’s ensemble
approach effectively captured nonlinear relationships, resulting in a mean absolute error
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(MAE) of 0.71 mm on simulated data, compared to 1.48 mm for KNN. However, when
tested on experimental data, RF’s MAE increased to 1.16 mm, indicating a discrepancy be-
tween simulated and experimental datasets.

The spatial distribution of errors showed that most errors occurred at the edges and corners
of the volume of interest. This is due to the limited number of neighbors available for av-
eraging in these regions. Training in a larger simulation volume reduced edge-related errors
in the prediction zone. This adjustment improved the overall accuracy of the localization
system.

Despite these improvements, the precision of the algorithms was limited by the discrep-
ancy between simulated and real magnetic field strengths. This discrepancy was particularly
noticeable near the coils, where the magnetic field gradient is steep, leading to higher errors
in distance calculations.

While Random Forest showed promise in enhancing magnetic localization accuracy, our
study highlighted the need for further research to bridge the gap between simulated and
experimental data. Future work could involve increasing the number of experimental mea-
surements or refining simulation models to better match real-world conditions These findings
support advances in medical and industrial magnetic localization. By addressing the chal-
lenges identified in this study, we can further advance the precision and reliability of magnetic
localization technologies.
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