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Hall E-smart palm sensor for Autonomous Home-Based Hand Rehabilitation
MAGDALENA PUTRYM SKOGBERG
RAHUL RAJAGOPALAN NAIR
Department of Systems and Control
Chalmers University of Technology

Abstract
Hand rehabilitation is an important process for restoring functionality and quality of
life, targeting injuries such as "avocado hand", with tendon or nerve damage. In such
applications, estimation of finger forces plays a vital role in understanding tactile
interactions and hand function. This thesis presents the design and development of
a tactile sensor plate based on Hall-effect sensors, specifically the MLX90393, for
detecting and analyzing finger forces and gestures. The primary goal is to design
a sensor plate able to perform precise measurement of magnitude and directions of
the forces exerted by the fingers, providing real-time feedback to users on 3D force
distribution, contact areas, and tactile gestures to enhance interaction analysis and
control.
The tactile sensor plate design includes a matrix of 48 Hall-effect sensors, and one
Inertial Measurement Unit, embedded within a compact, silicone-coated plate de-
signed for comfort, durability, and ease of cleaning. By collecting sensor data at a
sampling rate of 100 Hz, the plate is capable of estimating both normal and shear
forces, important for understanding and guiding finger movements. A machine-
learning Random Forest model was developed to process sensor data and predict
applied force parameters. The results demonstrate the sensor plate’s ability to mea-
sure force magnitudes and directions with high accuracy, achieving an R2 value of
approximately 96%− 99% for force prediction in specific test cases.
The research addresses challenges such as hysteresis caused by the silicone layer,
calibration for diverse hand sizes, and environmental conditions like magnetic field
variations. The system architecture, built on a Raspberry Pi 5 as a main process-
ing unit, opens possibilities for future enhancements, including the integration of
additional sensors and improved calibration methods.
This study contributes to the field of tactile sensing and force measurement by
offering a precise detection of finger movements. The proposed system can estimate
the applied force making a foundation for supporting guided exercises, allowing a
better recovery process, and reducing dependence on physiotherapists. It also aligns
with sustainable design principles. Future work will focus on enhancing sensor
accuracy, refining the graphical user interface, and exploring potential applications
in various tactile sensing and human-machine interaction scenarios.

Keywords: Hall-effect sensor, force measurement, machine learning, sensor plate,
MLX90393, home-based therapy, decision tree.
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Nomenclature

Below is the nomenclature of parameters, variables, and acronyms used throughout
this thesis.

Parameters

B Magnetic flux density (T)
d Thickness of the conductor (m)
fmax Maximum switching frequency of the demultiplexer (Hz)
F Applied force (N)
hk Filter coefficient in Savitzky-Golay filtering
I Current through the conductor (A)
k Spring constant (stiffness of the material)
M Window size for moving average filtering
m Half the window size (total window size 2m+ 1)
n Charge carrier density (m−3)
q Charge of the carriers (C)
R2 Coefficient of determination for model accuracy
VH Hall voltage generated by the sensor (V)
x Displacement from the original position due to force (m)

Variables

αx Roll angle - Rotation around the X-axis (rad)
αy Pitch angle - Rotation around the Y-axis (rad)
Fx Force component in X-direction (N)
Fy Force component in Y-direction (N)
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1
Introduction

This chapter describes the project's goals, explains the research aim, and why the
study is important.

1.1 Background

Hand injuries are common in daily life, often resulting in damage to nerves, ten-
dons, or ligaments. One well-known example is the "avocado hand", which occurs
when individuals accidentally puncture their non-dominant palm with a sharp tool
while cutting an avocado. Improper handling of sharp knives often leads to deep
penetrating injuries central palm region of the non-dominant hand, as illustrated in
Figure 1.1a.

(a) Avocado hand injury. (Image
generated by Gemini, a large lan-
guage model from Google.)

(b) Hand Anatomy - Nerves and Arteries in
the hand. Source: Gray's Anatomy for Stu-
dents [1].

Figure 1.1: Illustration of an avocado hand injury scenario and the anatomical
structures that can be a�ected, including major nerves, arteries, and tendons.

The consequences of such injuries can be serious, a�ecting both motor and sensory
functions of the hand. As shown in Figure 1.1b, the palm contains major nerves
(median and ulnar nerves), arteries (radial and ulnar arteries), and muscles with
tendons responsible for �nger movement. A deep stab injury in this area may lead

1



1. Introduction

to loss of sensation in the a�ected �ngers due to digital nerve damage, impaired grip
strength, and dexterity, as �exor tendons are responsible for �ne motor movements,
excessive bleeding if major blood vessels are compromised, such as the radial or
ulnar artery, or even permanent disability or need for surgical intervention in some
cases. [1]
Given the complexity and functional importance of the hand, injuries such as "av-
ocado hand" require immediate medical attention, as improper healing can lead to
long-term loss of hand function [2]. Tasks may become di�cult or even impossible to
perform, and some people may no longer be able to work. To restore functionality,
proper rehabilitation exercises recommended by healthcare providers are therefore
very important. However, for successful recovery, these exercises must be performed
within the correct time, with the correct force and technique, adjusted to each
individual's needs. Without proper guidance, incorrect movements can worsen the
condition. Rehabilitation plays a very important role in restoring function and qual-
ity of life after injuries, especially for nerves or musculoskeletal injuries. Without
proper rehabilitation, patients are at higher risk of developing long-term impair-
ments, such as chronic pain, reduced mobility, or permanent disability [3]. Accord-
ing to some studies, a well-performed rehabilitation process improves the results and
helps patients get back their mobility, strength, and sensor perception in a better
way than without rehabilitation. Studies even have shown that early and supervised
rehabilitation improves the results compared to unsupervised or incorrect programs,
however according to the statistics, only61%of patients in Sweden receive physio-
therapy, and an even smaller percentage - just7% have access to sensory-focused
rehabilitation [3]. This shows that there is a huge gap for those who miss profes-
sional rehabilitation, and underscores the need for easily accessible, and e�ective
rehabilitation solutions [3], such as sensor-based technologies. This highlights a gap
in access to e�ective rehabilitation solutions.
To address this gap, a sensor-based tactile force measurement device is proposed, as
illustrated in Figure 1.2. This device is still in the early stages of development and
cannot yet be considered a rehabilitation tool. However, with further advancements,
it has the potential for future applications in rehabilitation.
This device will measure the �ngers' force and the direction of the applied forces
during tactile interactions. The goal is to provide accurate force estimation and real-
time feedback for analyzing �nger gestures. This feedback allows users to understand
force distribution and adjust their interactions accordingly. Additionally, parameters
such as force magnitude and contact patterns could be customized based on speci�c
application needs.
The proposed solution uses Hall-e�ect sensors. These sensors detect magnetic �elds
and have been shown to measure normal and shear forces [4] accurately. Measuring
shear forces provides insights into the direction of applied forces, helping to track
�nger movements during tactile interactions. While other sensors, like piezoelectric
sensors, may o�er higher accuracy [5], the Hall-e�ect sensor, Melexis MLX90393 was
chosen for its suitability for human testing and its ability to measure shear forces [4].
While the accuracy of Hall-e�ect sensors can be further improved using techniques
like Halbach arrays [6], this project focuses on using the MLX90393 sensors in their
current con�guration. Future projects could explore alternative sensor arrangements

2



1. Introduction

Figure 1.2: Concept of a tactile sensor plate for �nger gesture detection. The
tactile sensor plate detects �nger forces and contact areas, providing data for force
estimation and gesture analysis.

or hardware improvements.
In summary, the MLX90393 Hall-e�ect sensors provide a promising foundation for
developing a rehabilitation device in the future. The goal of this project is to create a
tactile sensor plate that detects �nger gestures accurately during tactile interactions,
this technology could make rehabilitation more accessible and e�ective for patients
and healthcare providers.

1.2 Aim

The main aim of this project is to develop a tactile sensor plate using a matrix of
MLX90393 sensors. The device will give detailed information about the strength
and direction of applied forces, including normal and shear forces. The project has
two speci�c objectives:

1. Design and Development: To create a functional tactile sensor plate that
operates e�ectively from an electrotechnical perspective.

2. Calibration and Testing: To establish a reliable calibration process that
provides accurate measurements for various �nger movements and user needs.

The results of this project are expected to contribute to the medical �eld by o�ering
a tool for improved tracking and support in hand rehabilitation. However, the
application to rehabilitation scenarios is beyond the scope of this project.

1.3 Problem

This project focuses on building a Hall-e�ect sensor-based device for �nger ges-
ture detection, providing real-time feedback to users on 3D force distribution and
the contact areas. Key challenges include selecting appropriate materials, ensuring
su�cient sensor sensitivity, and developing an e�ective calibration process.
The MLX90393 Hall-e�ect sensor was selected for its safety and suitability for hu-
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man testing. It accurately measures magnetic �ux in three axes. This helps in the
estimation of both normal and shear forces, which is critical for analyzing �nger
tactile gestures. A major issue with current rehabilitation methods is the lack of
tools that provide accurate, real-time feedback. This often leads to ine�ective re-
habilitation or even additional injuries. A sensor plate capable of measuring and
displaying forces during exercises could help to solve this problem.
The device must be adaptable to di�erent hand sizes and meet individual needs
while delivering accurate and consistent results. Practicality and ease of use are
also important considerations for daily rehabilitation.
This project focuses on achieving reliable force measurements with the current setup.
Future improvements could include enhancing accuracy or enabling the recording of
exercise patterns.
In summary, this project aims to develop a Hall-e�ect tactile sensor plate that
measures and provides real-time feedback on applied force parameters, including
magnitude and direction.

1.4 Research Question

The following research questions guide this project:
ˆ What accuracy can the sensor plate achieve in measuring the force and direc-

tion?
ˆ What resolution is needed to ensure accurate force measurements?
ˆ What design will make the tactile sensor plate easy to clean and maintain?
ˆ What environmental conditions should the tactile sensor plate handle?

These considerations guide the project and guarantee it stays focused on solving the
key challenges of �nger tactile gesture detection.

1.5 Limitations

This project focuses on developing a prototype for �nger gesture detection, with the
following limitations for the current stage of the development:

ˆ User Interface: A basic interface will be developed for testing; a �nal user-
friendly interface for medical use is beyond the project scope.

ˆ Power Supply: Optimizing the power supply is not a focus.
ˆ Cost: The project prioritizes functionality over cost-e�ciency.
ˆ Size: The device will be designed for medium-sized hands only.
ˆ Inertial Measurement Unit: Although included in the design, the unit will

not be implemented in this phase.
ˆ Clinical Trials: The assessment of this tactile sensor will not include clinical

setups or real patients, and it will be limited to laboratory assessment in a
controlled environment for technical performance evaluation.
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Ethical and sustainability aspects

As an engineer contributing to the broader societal context, it is important to assess
the ethical and sustainability aspects of the work. In the development of the tactile
sensor plate, several considerations align with the United Nations (UN) 17 Sus-
tainable Development Goals (SDGs), re�ecting both positive and potential negative
impacts on society.

Positive consequences

ˆ Good Health and Well-being
While this device is not currently designed for medical applications, with fur-
ther development, it could contribute to hand rehabilitation, by supporting
healthy living and well-being. Hence, the technology aligns with targets such
as reducing consequences of the injuries, ensuring universal access to health-
care, and improving overall health outcomes.

ˆ Quality Education
The project contributes to this goal by ensuring inclusive and equal quality
of education. The device's potential can be used in various sectors such as
education and training for medical practitioners. This ensures broad access,
making it a valuable tool for several purposes. For example, this system can
be used in some programs, where individuals, regardless of location or back-
ground, can enhance their skills in �elds such as mechanics, sports, or playing
musical instruments.

ˆ Reduce income inequality within and among countries
The device, upon further development, would provide accessible and e�ective
healthcare options. The device's costs can be optimised by producing it on
a large scale. Therefore, the cost of rehabilitation using the device would be
a�ordable to the general public. By o�ering equal opportunities for recov-
ery regardless of economic, ethnic, or other factors, it promotes social and
economic equality.

Negative consequences

ˆ Responsible Consumption and Production
The development and production of electronic components, including those
utilised in our tactile force sensor plate, may have consequences regarding
responsible consumption and production. This involves considerations such as
the sustainable source of materials, energy-e�cient manufacturing processes,
and minimising waste generation throughout the product lifecycle.

ˆ Climate Action
The electronic industry's activities, including the manufacturing and disposal
of electronic components, can contribute to greenhouse gas emissions and cli-
mate change. Addressing these impacts requires, for example, minimising en-
ergy consumption, adopting renewable energy sources, and an implementing
of environmentally friendly manufacturing practices.
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ˆ Life Below Water
If electronic waste isn't handled correctly, harmful chemicals and heavy metals
can leak into water, harming aquatic life and ecosystems. Proper recycling
and disposal are important to stop these dangerous substances from polluting
water and destroying marine life.

ˆ Life on land
Similarly, improper disposal of electronic waste can also a�ect terrestrial ecosys-
tems and biodiversity. Toxic substances leaking from electronic components
can contaminate soil and water sources, creating hazardous circumstances for
wildlife and human health. Sustainable waste management is necessary to
minimize these e�ects on land-based ecosystems.

[7]

Consideration of Lifecycle Analysis

All these negative consequences may raise concerns regarding the responsible con-
sumption of electronic components. These concerns are connected to the climate
change and its e�ects on life. The electronics industry can help by improving prod-
uct design, using materials, and recycling better. It's also important to look at the
good things eco-friendly practices can bring to the environment.
In considering both the positive and negative consequences of the project, it is impor-
tant to analyse the product's lifecycle. For example, by performing a comprehensive
Life cycle Assessment (LCA), one can evaluate the environmental impacts associated
with all stages of a product's life, from raw material extraction to manufacturing,
distribution, usage, and termination. Such an analysis will help to identify areas
where improvements can be made to minimize negative environmental e�ects and
maximize positive contributions to sustainable development[8].
It's important to think about both the positive and negative e�ects, especially how
they might impact on health, education, industry, and our environment in the long
run. The project should follow ethical rules and aim to make a positive di�erence,
supporting the UN's goals for sustainable development.

Structure of the Report

This report is organized into the following chapters:
2. Current Approaches in Tactile Sensing and Force Measurement for

Rehabilitation: A review of existing technologies and methods for force
measurement in rehabilitation devices.

3. Theory: A review of the existing theory which supports force estimation
methods.

4. System Architecture: A detailed description of the design and development
process for the tactile sensor plate.

5. Results: Analysis of the tactile sensor plate's performance in measuring force
and direction, and representing the the Graphical Users Interface.

6. Discussion: Evaluation of the results, including limitations and suggestions
for future improvements.
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2
Current Approaches in Tactile

Sensing and Force Measurement
for Rehabilitation

This chapter reviews current technologies and methods related to force-sensing de-
vices and explores how machine learning can help process the data collected by these
sensors. The focus is on understanding how these tools and methods contribute to
the development of rehabilitation systems.

Tactile Sensors in Rehabilitation

Tactile sensing technologies are important in rehabilitation, enabling force measure-
ment for understanding hand movements and patterns. Multiple sensor types, in-
cluding piezoresistive, capacitive, optical, and Hall-e�ect sensors have been explored
for their potential in medical applications. Piezoelectric sensors o�er advantages in
capturing the dynamic aspects of touch. Yu et al. developed a �exible piezoelec-
tric tactile sensor, demonstrating its ability to measure dynamic three-axis force.
While the sensor achieved good sensitivity and frequency response, an average error
of 10:68%in force measurement suggests further re�nement is necessary for precise
applications [9].
Capacitive sensors, which detect force through changes in capacitance, have also
shown promise in tactile sensing for rehabilitation [10]. A recent �exible capacitive
tactile sensor, inspired by the micropattern of lotus leaves, demonstrates promis-
ing performance with high sensitivity(0:815kPa� 1), a wide dynamic response range
(0 � 50N ), and a fast response time(� 38ms) [11]. This sensor also exhibits good
reproducibility and can detect bending and stretching forces, suggesting its potential
for applications in electronic skins, wearable robotics, and biomedical devices [11].
The ability to measure both normal and shear forces, coupled with the potential
for high sensitivity, makes capacitive sensors attractive for applications requiring
detailed force mapping. However, challenges remain in achieving long-term stabil-
ity, hysteresis, durability, and minimizing the in�uence of environmental factors on
measurement accuracy [10] [11]. Another interesting type of sensor is an optical
tactile sensor, which detects force through changes in light, and it has also shown
promise in tactile sensing for rehabilitation [12]. A recent development in this area
is the TacTip family of sensors, which are soft, 3D-printed optical tactile sensors
with biomimetic morphologies [12]. These sensors are inspired by the human �n-
gertip and utilize an internal camera to track the movement of pins on the sensor's
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surface [12]. The TacTip family of sensors has demonstrated submillimeter accuracy
in localization tasks, suggesting their potential for applications in robotic manipula-
tion and human-robot interaction. However, challenges remain in developing robust
optical tactile sensors for real-world applications. The TacTip sensors, for exam-
ple, require complex image processing algorithms to interpret tactile information.
Moreover, their long-term durability in real-world settings has not yet been fully
established [12]. Another important sensor widely used in medical and robotic ap-
plications due to its reliability and precision is the Hall-e�ect sensor. This sensor
measures the magnetic �eld and can detect both normal (straight down) and shear
(sideways) forces. This ability is important for analysing hand movements direction
during rehabilitation exercises [13].
Research has demonstrated that Hall-e�ect sensors are very e�ective in rehabilitation
settings. For example, in one study, tactile arrays using Hall-e�ect sensors achieved
an accuracy of98:3% for normal forces and96:8% for shear forces under controlled
conditions [13]. These �ndings con�rm the suitability of the MLX90393 sensor
model, for measuring forces in rehabilitation, due to its ability to measure magnetic
�elds in three axes [14]. Kristanto et al. developed a wearable three-axis tactile
sensor for �ngertips using two MLX90393 sensors, reducing the in�uence of external
magnetic �elds. Before their improvements, the external magnetic �elds might have
caused errors in the force measurement of up to� 4N . After their improvements,
the error due to external magnetic �elds was reduced to� 1N . This is a signi�cant
improvement, making the force measurements much more accurate. Li et al., using
a single MLX90393 together with a �exible magnetic �lm, achieved a sensitivity
of 13:7mV=N, and the relationship between force and the output voltage was well-
�tted by a linear model (R2 > 0:99) within a force range of 0-10 N [15]. Although
these sensors can measure force in multiple directions, are small, and are easy to
use, it's still di�cult to prevent outside magnetic �elds and temperature changes
from a�ecting how accurately they measure [14] [15].

Machine Learning for Force Data Analysis

The data collected by sensors needs to be processed to provide meaningful feedback.
Machine learning techniques, such as Convolutional Neural Networks (CNNs) and
supervised learning models, are commonly used.
CNNs are particularly e�ective for analysing complex spatial data, as they can
detect patterns and relationships within sensor readings. Hu et al. demonstrated
using CNNs for processing data from Hall-e�ect sensors, achieving high accuracy in
predicting force parameters [13]. However, CNNs require signi�cant computational
resources, which may limit their use in real-time systems or embedded devices.
Ensemble models, such as Decision Trees and Random Forests, o�er an alternative.
These models are computationally less demanding and can handle noisy, non-linear
data e�ectively. Farah et al. used Decision Trees for gait phase recognition in or-
thotic systems, proving their simplicity and e�ciency [16]. Similarly, Random Forest
models have been employed for sensor calibration, demonstrating their ability to im-
prove data accuracy by handling o�set and noise [17]. These models are particularly
suitable for embedded systems, where computational resources are limited.
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Hysteresis and Non-Linear Data

One challenge in using Hall-e�ect sensors, particularly in tactile applications, is hys-
teresis. Hysteresis describes a phenomenon where the sensor's output for a given
force depends not only on the current force but also on the history of applied forces.
This means that the sensor's reading can di�er depending on whether the force is in-
creasing or decreasing, even if the instantaneous force is the same. As Hu et al. [13]
note, the silicone layer often used to encapsulate Hall-e�ect sensors in tactile arrays
can contribute signi�cantly to hysteresis. This is because the silicone's deformation
under force is not perfectly elastic; it presents some "memory" of past deformations,
which a�ects how the magnetic �eld is changed and thus how the Hall-e�ect sensor
responds. The hysteresis e�ect can lead to inaccuracies and delays in force mea-
surements, making it di�cult to precisely track dynamic hand movements during
rehabilitation exercises. For instance, if a patient is gradually increasing force and
then quickly decreasing it, the sensor might lag behind the actual force change due
to the hysteresis in the silicone. This can complicate the interpretation of force
data and potentially hinder the e�ectiveness of rehabilitation assessments. Machine
learning models, particularly Random Forests as explored by Zou et al. [17] and also
mentioned by Hu et al. [13], o�er an approach to minimise the impact of hysteresis.
By training these models on data that captures the sensor's behaviour under both
increasing and decreasing forces, the model can learn to recognize and compensate
for the hysteresis e�ects. The model can essentially learn a mapping that relates the
raw sensor output to the actual force, taking into account the history of force appli-
cation. However, as both studies emphasize, the success of this approach depends
on the availability of high-quality, representative training data that adequately cap-
tures the hysteresis behaviour of the sensor. Furthermore, precise sensor calibration
is important to ensure that the model can accurately generalize to unseen data.

Conclusion

The combination of advanced sensor technologies and machine learning techniques
holds considerable promise for enhancing rehabilitation devices. As this chapter has
shown, a variety of tactile sensors, including piezoelectric, capacitive, optical, and
Hall-e�ect sensors, o�er unique advantages and disadvantages for capturing force
information relevant to hand movement analysis. Piezoelectric sensors are very
good at capturing dynamic touch, while capacitive sensors o�er the potential for
detailed force mapping. Optical sensors, like the TacTip family, provide biomimetic
approaches to tactile sensing, and Hall-e�ect sensors, particularly the MLX90393,
are valued for their reliability, multi-axis force measurement capabilities, and ease
of integration. However, each sensor type also presents challenges, including inac-
curacies, sensitivity to environmental factors, and, in the case of Hall-e�ect sensors,
hysteresis.
Machine learning o�ers powerful tools, address to some of these challenges. CNNs,
as demonstrated by Hu et al. [13] can e�ectively analyse complex spatial data
from tactile sensor arrays, enabling accurate force parameter estimation. Random
Forest models, as explored by both Hu et al. [13] and Zou et al. [17], provide a
computationally e�cient alternative for tasks like sensor calibration and hystere-
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sis compensation, making them particularly suitable for real-time applications in
embedded rehabilitation systems. Utilising the strengths of di�erent sensors and
machine learning algorithms, and addressing challenges, such as hysteresis, through
proper calibration and data processing will further improve the accuracy and us-
ability of sensor-based rehabilitation systems.
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3
Theory

This chapter explains the theoretical principles and methods that form the basis
of this project. It focuses on the physical modelling of the system, the applica-
tion of machine learning techniques, data processing methods, and communication
protocols necessary for designing and implementing the tactile sensor plate.

3.1 The Physical Modelling Approach

The physical modelling approach is based on well-established laws of physics that
are the foundation for understanding how the system works. These include the Hall
e�ect, Hooke's Law, and the concept of hysteresis, which are all relevant to the
functioning of the tactile sensor plate.

3.1.1 Hall E�ect

The Hall e�ect describes what happens in a conductor when a magnetic �eldB
is applied perpendicular to the �ow of electric current in a conductor, causing the
charge carriers to be pushed to one side due to the Lorentz force, which is the force
acting on a moving charge in the presence of both an electric and a magnetic �eld.
This creates a voltage di�erence across the conductor, known as Hall voltage [18].
The Hall voltage is given by the formula:

VH =
IB
nqd

(3.1)

where:
ˆ VH : Hall voltage,
ˆ I : Current through the conductor,
ˆ B : Magnetic �ux density,
ˆ n: Charge carrier density,
ˆ q: Charge of the carriers,
ˆ d: Thickness of the conductor.

Hall-e�ect sensors measure the Hall voltage to detect changes in magnetic �ux
\cite{physics}. Since they do not directly measure force, they are typically used
to determine the proximity of a magnetic source. By placing a magnet within a
deformable medium, such as silicone, the displacement of the magnet in response to
an applied force can be measured. This displacement can be related to force using
elasticity principles, such as Hooke's Law. This method allows Hall-e�ect sensors to
estimate normal and shear forces in various applications.
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Figure 3.1: Diagram illustrating the working principle of a Hall sensor. The
sensor measures the Hall voltage generated when a constant current �ows through
the sensor in the presence of a magnetic �eld. This allows the sensor to detect
changes in magnetic �ux, which can be used to determine parameters like position,
speed, and current.

3.1.2 Hooke's Law

Hooke's Law describes the relationship between the force applied to an elastic ma-
terial and the resulting deformation [19]. The law is expressed as:

F = k � x (3.2)

where:
ˆ F 2 R: Applied force, with dimensions, where[F ] = [ N]
ˆ k 2 R+ : Spring constant (sti�ness of the material),[k] = [ N

m ]
ˆ x 2 R: Displacement from the original position, with dimensions[x] = [ m]

The linear relationship between the force and the distance is valid for an elastic
material within its elasticity range, in other words, when the displacement is fully
reversible. [19]

3.1.3 Hysteresis

Hysteresis describes how the response of a material depends on its previous state.
In elastic materials such as silicone, hysteresis is a delay between the applied force
and the resulting deformation. The response di�ers depending on whether the force
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Figure 3.2: Illustration of Hooke's Law. The relationship between the force applied
to a spring and its extension. The image shows the linear character of the extension.

is increasing or decreasing, which can introduce errors in force measurements, es-
pecially during rapidly changing forces. Figure 3.3 illustrates a typical hysteresis
loop, showing how the material's response varies depending on whether the force
increases or decreases. [20]

3.2 Machine Learning Approach

The other approach for modelling a system is Machine Learning. This technique
is part of a broader �eld - Arti�cial Intelligence and is based on algorithms using
statistical data and learning from them. The algorithm doesn't take the instruc-
tions or rely on prede�ned rules like a physical approach but makes decisions based
on analysing the data and identifying patterns and relationships within the data.
To train the machine learning model requires a large dataset, which is why these
models have the tendency to improve with time, when more data, or data with
improved quality is delivered to the training. The method is especially useful for
complex problems, where it is di�cult or impossible to model the system based on
physical laws due to its complexity or when the relationships between variables are
not straightforward and non-linear.[21]
Machine learning models are trained on gathered data. They recognize patterns
and on, this basis, adjust the internal parameters to get the desired output based
on the provided input. It goes from particular to general relationships between
variables, which are later tested on the test dataset - the dataset that was never
used for the training [21]. It is a powerful tool for solving problems, where the
traditional physical laws are not su�cient or are too complex[17]. Machine learning
techniques can be divided into two main categories, based on the type of models
and their approach to solving them. These are Supervised Learning Models, which
include Decision Trees and Random Forests, and Deep Learning Models, such as
Convolutional Neural Networks and Deep Neural Networks.
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Figure 3.3: Illustration of a hysteresis loop, showing the relationship between
applied Force and Compression/Decompression of the silicone.

3.2.1 Supervised Learning Models

Supervised learning models are aimed at handling structured data, interpreting lin-
ear and non-linear relationships, and e�ectively managing noise. These models learn
patterns from labelled data, enabling them to make accurate predictions for tasks
such as classi�cation and regression [21]. Two common types of supervised learning
models are Decision Trees and Random Forests, and both of them belong to the
category of tree-based models.

Decision Trees

A decision tree is suitable for tasks such as classi�cation and regression. The model
has a tree-like structure and works by dividing the dataset into branches. Each split
into a branch is determined by decision rules based on features, where a feature is
a measurable characteristic of the analysed data and serves as input to the model.
At each internal node, a speci�c feature is used to make a decision, and each branch
represents the outcome of that decision. The leaves of the tree correspond to the
�nal prediction or classi�cation, as illustrated in Figure 3.4.

One of the strengths of a decision tree is its simplicity and interpretability. It is
based on a straightforward and transparent process for making predictions, which is
especially useful when it is important to understand the reasoning behind a model's
output. Another advantage of a decision tree is that it is relatively fast to train and
can work e�ectively with both numerical and categorical data [21].
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Figure 3.4: Illustration of the Decision Tree

Random Forests

A Random Forest builds on the concept of Decision Trees. Instead of relying on a
single tree, a Random Forest uses multiple Decision Trees to make predictions [21],
which is why it is also called an ensemble model, see Figure 3.5.

Figure 3.5: Illustration of Random Forest.

Each tree in the forest is trained on a slightly di�erent part of the dataset. This
makes the model stronger and more immune to over�tting. For the regression mod-
els, the �nal prediction is a combination of outputs from all the trees, by calculating
the average of all tree predictions [21]. This ensemble approach increases the ac-
curacy and is more successful in predicting noisy data or complex datasets than a
single Decision Tree. Additionally, they can measure the feature's importance to
identify which inputs are relevant and how much impact they have on the output,
which helps to sort and eliminate data that doesn't give any information to the
model and simplify it.
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3.2.2 Deep Learning Models

Deep learning models are aimed at processing high-dimensional data like images or
spatial datasets.

Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are deep learning models designed for pro-
cessing data with a grid-like structure, such as images [21]. CNNs work by passing
data through several layers, each with a speci�c function:

ˆ Convolutional layers: Use �lters (small matrices of numbers) that slide over
the input data to �nd patterns like edges, textures, or shapes.

ˆ Pooling layers: Reduce the size of the data by keeping only the most im-
portant information. For example, max pooling keeps the largest value in a
region, while average pooling calculates the average value.

ˆ Fully Connected Layers: The output from pooling layers is sent to fully
connected layers, which combine the features to make the �nal prediction.
This process is shown in Figure 3.6.

Figure 3.6: Illustration of the Convolutional Neural Network.

CNNs are especially good for �nding relationships in spatial problems, where the
location and arrangement of features are important. They are often used in tasks
such as image recognition to detect objects, patterns, or faces. Another example is
in physical modelling, such as analysing temperature distribution across a surface,
which is useful in material science to study heat �ow or detect defects in materials
. The ability to model very complex data increases, however, the complexity of the
model often demands more computational resources.

3.2.3 Deep Neural Networks

Another type of machine learning model is Deep Neural Networks (DNNs). These
models consist of many layers of connected nodes, called neurons. Each layer pro-
cesses the input data and step by step turns it into something more abstract. DNNs
are very powerful because they can learn complex, non-linear relationships between
the input data and the output [21]. However, as CNNs, DNNs need a signi�cant
amount of data and computing power to train properly.

Figure 3.7: Illustration of the Deep Neural Network.

16



3. Theory

DNNs are �exible models that can be used for many di�erent tasks. However,
their complexity can also be a drawback. In some cases, simpler models can give
good results with less e�ort and resources. DNNs are used in tasks such as speech
recognition, understanding written or spoken language, and self-driving cars. These
are all areas where it is important to �nd and understand complex patterns in the
data.[21]

3.2.4 Using Physical Formulas in Deep Neural Networks

As discussed in [22], physics-informed machine learning incorporates physical knowl-
edge into the learning process, where physical laws are added as constraints in the
loss function. The loss function is a measure of how far the model's predictions are
from the expected results[21]. By including physical laws in the loss function, the
model is penalized when its predictions do not follow these laws. This ensures that
predictions respect known principles.
Another method is using physical formulas to compute features that are input to the
network. For example, in temperature modelling, Fourier's law can provide derived
features such as gradients, improving learning e�ciency. Physical knowledge can
also be embedded in the DNN structure, such as constraining outputs to follow
physical laws or adding custom layers to represent speci�c formulas.
This combination of learning and physical principles is useful in areas such as ma-
terial science and �uid dynamics, where it improves accuracy and interpretability,
reducing data needs.

3.3 Data Processing and Signal Filtering

Data processing is an important step for ensuring accurate sensor readings. One
of the steps of preparing data is �ltering. There are many ways in which this can
be done. The focus is on one particular method, Savitzky-Golay �ltering, which is
introduced later in this section.

3.3.1 Savitzky-Golay Filter

The Savitzky-Golay �lter smoothens the data and �attens unwanted peaks at the
same time keeping the shape and features of the signal, such as peaks and valleys.
The basic principle is a window with a �xed size, which applies a polynomial �t
over a subset of the data within the window's range, replaces the data points with
the predicted values, and minimizes at the same time the least-squares error for the
polynomial �t [23]. The window has a �xed size and slides successively over the
entire dataset, smoothing it.
The mathematical formula for the Savitzky-Golay �lter is [23]:

yn =
mX

k= � m

hkxn+ k (3.3)

where:
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ˆ yn - Smoothed value at pointn,
ˆ xn+ k - Original data point within the window,
ˆ hk - Filter coe�cients (weights for each point in the window),
ˆ m - Half the window size (making the total window size2m + 1).

The �lter's behaviour depends on two parameters:
ˆ Window's Size: Determines how many data points are included in the �t. A

larger window leads to greater smoothing and, at the same time losing more
details. Smaller windows may smooth the signal softer, keeping more details,
however leaving more noise.

ˆ Polynomial Grade: determines the degree of the polynomial used to the
�tting. The higher the polynomial grade, the better the �tting. However,
choosing to high grade might lead to unwanted over�tting of the signal's noise.

The Savitzky-Golay �lter is popular in �elds such as spectroscopy, ECG signal pro-
cessing, and general data smoothing applications, everywhere it is important to keep
the shape of the signal. Proper selection of the window size and polynomial grade
for the speci�c dataset is therefore the key to the optimal performance [24].[23]

3.4 Communication Interfaces

Communication interfaces allow di�erent parts of a system to exchange data. They
help the central unit (e.g., a microcontroller) to talk to sensors and other compo-
nents, making it possible to collect data, process it, and control the system. Two
common protocols for this purpose are the Serial Peripheral Interface (SPI) and
Inter-Integrated Circuit (I2C).

3.4.1 Serial Peripheral Interface Communication Protocol

The SPI protocol is often used in embedded systems to connect a controller with
sensors or other devices. It is simple, fast, and works well for many applications.
It can send and receive data at the same time (full-duplex) or in one direction at a
time (half-duplex) [25]. In full-duplex mode, SPI uses four wires:

ˆ MOSI (Master Out Slave In): Sends data from the master to the slave.
ˆ MISO (Master In Slave Out): Sends data from the slave to the master.
ˆ SCLK (Serial Clock): Synchronizes the data transfer.
ˆ CS (Chip Select): Selects the device to communicate with.

In half-duplex mode, SPI can use just three wires by combining the MOSI and MISO
lines, but this reduces simultaneous communication capability [25].
Figure 3.10 shows the di�erence between 3-wire and 4-wire SPI con�gurations.
SPI has several bene�ts [25]:

ˆ Fast Data Transfer: SPI can send data much faster than protocols such as
I2C, which is useful for applications that need high-speed data transfer. The
transfer speed is usually in the range of 10 - 50 Mhz, but in some cases even
up to 100Mhz [26].

ˆ Simple Design: SPI is easy to implement and requires less hardware com-
pared to parallel communication methods.
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Figure 3.8: SPI 3-Wire Con�gura-
tion

Figure 3.9: SPI 4-Wire Con�gura-
tion

Figure 3.10: Comparison of SPI Communication Diagrams for 3-Wire and 4-Wire
Con�gurations.

ˆ Flexible Connections: SPI allows multiple devices to be connected to one
master. Each device is selected using a unique chip select (CS) line.

ˆ Supports Full-Duplex: SPI can send and receive data at the same time.
SPI also has some limitations [25]:

ˆ High Pin Usage: SPI uses at least four wires in full-duplex mode, and many
CS lines, making it more complex to implement if the microcontroller has
limited GPIO pins.

ˆ No Acknowledgment: SPI does not con�rm if the data has been received
correctly, which can lead to errors.

ˆ No Multi-Master Support: SPI does not handle multiple controllers (mas-
ters) easily.

ˆ Short Distance: SPI is designed for short distances. On long distances, the
signals might become noisy.

3.4.2 I2C Communication Protocol

The Inter-Integrated Circuit communication protocol is another popular interface for
communication between a controller and other peripherals. I2C is especially useful
in scenarios where multiple devices need to communicate over a short distance using
only two wires, which simpli�es wiring and reduces complexity. These two lines are
the Serial Data Line (SDA) and the Serial Clock Line (SCL). This allows multiple
devices to communicate with each other by using unique addresses for each device.
This makes I2C suitable for simply connecting multiple devices.
This diagram shows the I2C protocol with a master and three slave devices, indi-
cating the shared SDA and SCL lines 3.11.
I2c protocol has many advantages:

ˆ Simplicity: It requires only two wires for communication, which makes the
hardware design and wiring simple, especially when multiple devices are in-
volved.

ˆ Multi-Master, Multi-Slave Capabilities: It supports multiple master and
slave devices on the same bus.

ˆ Cost-E�ciency: By reducing the number of connections needed, and slower
speed, it makes I2C cost-e�ective, especially for low-speed peripherals.

However, it has some important disadvantages as well:

19



3. Theory

Figure 3.11: I2C communication diagram. The �gure illustrates the basic structure
of the I2C communication protocol, where multiple slave devices are connected to
one master using two shared lines: SDA and SCL. Each device on the bus has its
own unique address, allowing the master to communicate with them.

ˆ Lower Speed: It operates at slower data rates compared to SPI, the standard
mode range is up to 100 kHz, 400 kHz for the fast mode, and up to 3.4 MHz
for the high-speed mode.

ˆ Complexity in Software Implementation: It requires more complex soft-
ware management to handle start/stop conditions, addressing, and acknowl-
edgments.

ˆ Limited Bus Length and Number of Devices: The bus length and num-
ber of devices, that can be connected to it, are limited by the capacitance on
the bus.

ˆ Higher Power Consumption in Active Mode: It uses more power during
communication because of pull-up resistors, especially when running at higher
speeds.

ˆ Risk of Bus Con�icts: In the case of multiple masters con�icts can happen
when two masters try to communicate at the same time. This requires extra
software to manage and resolve the issue.[27]
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System Architecture

This chapter explains the hardware and software components used in developing
the tactile sensor plate, as well as their integration to achieve the objectives of this
project. The System's Architecture chapter consists of three main parts: electronic
components, the physical system design, and the software system. The electronic
components section discusses the hardware used in the system, such as the Rasp-
berry Pi, sensors, and any other electronic components. It explains the reasons for
choosing these speci�c components and their technical speci�cations. The physical
System Design section focuses on the physical arrangement and layout of the system.
It provides details about the sensor plate design, how the sensors are integrated, and
the overall physical structure of the system. The Software System Design section
describes the software aspects of the system, including the algorithms used for data
processing, force estimation, and user interface. It covers the software architec-
ture and how di�erent software modules interact. Figure 4.1 provides a high-level
overview of the system architecture, illustrating the interaction between key mod-
ules and the �ow of information. The diagram shows the tactile sensor plate's role in
data acquisition, the data acquisition and processing, data modeling performed by
the Raspberry Pi, and the �nal presentation of results to the user via the graphical
user interface.

Figure 4.1: System Architecture of the Tactile Sensor Plate System. This diagram
illustrates the interaction between key modules in the system, showing the data �ow
from the tactile sensor plate to the user interface.

As shown in Figure 4.1, the system begins with the tactile sensor plate, which
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acquires raw tactile data from the sensors. This data is then transmitted via SPI
to the Raspberry Pi 5, where the Data Acquisition and Processing module collects,
�lters, and prepares the signals for analysis. The Data Modeling module employs
machine learning algorithms to predict force parameters based on the processed data.
In future implementations, the results from the Data Modeling will be displayed in
real-time on the Graphical User Interface, providing users with immediate feedback.
The following sections provide an in-depth analysis of each module, starting with a
detailed examination of the Tactile Sensor Plate's hardware components and setup,
followed by a description of the software algorithms and processing techniques im-
plemented on the Raspberry Pi.

4.1 Electronic Components

The electronic components were selected to guarantee accurate measurements, ef-
�cient data processing, and reliable communication between the sensors and the
control unit. These components include the sensors, connectors, and the Raspberry
Pi computer, which is discussed in detail below.

4.1.1 Raspberry Pi 5

The Raspberry Pi 5 is chosen as the main processor for its speed and promising
features, including a 64-bit quad-core ARM Cortex-A76 processor running at 2.4
GHz, making it suitable for handling real-time data and complex tasks. This board
was chosen for its su�cient processing power, compact size, and compatibility with
various sensors and communication protocols. It also supports the I2C and SPI
protocols, which are necessary for data communication between the Raspberry Pi
and the connected sensors.[28]

Figure 4.2: Raspberry Pi 5 - a visual representation of the single-board computer.
See [29] for details.

4.1.2 Hall-e�ect Sensor

The Hall-e�ect sensor, model MLX90393, is a small and precise magnetic sensor
designed to measure magnetic �elds. It uses Melexis' Triaxis® Hall technology to
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measure magnetic �ux density in three directions (X, Y, and Z). This enables it to
sense 3D positions and detect both normal and shear forces. The sensor's compact
design, shown in Figure 4.3, illustrates its suitability for applications with limited
space.

Figure 4.3: MLX90393 sensor diagram. Source: Adapted from Melexis Datasheet
[30].

ˆ High Resolution and Sensitivity: The MLX90393 has a 16-bit resolution,
which makes it very accurate for detecting magnetic �elds. It can measure a
wide range of magnetic �ux densities from 5 mT to 50 mT. The sensor's sen-
sitivity can also be adjusted using programmable gain settings to suit speci�c
needs.

ˆ Programmable Operating Modes: It allows its operating modes and sleep
times to be adjusted while it is running. Users can balance between perfor-
mance and power consumption based on their requirements.

ˆ Compact Design: It is packaged in a small QFN-16 chip, measuring just
3x3 mm, making it easy to �t into small devices.

ˆ Popular Communication Interfaces: The MLX90393 supports both SPI
and I2C communication protocols, which are commonly used in electronics.
This makes it easy to connect the sensor to di�erent microcontrollers and
processors, providing �exibility in system design.

ˆ Low Power Consumption: The sensor is designed to use minimal energy,
operating on a supply voltage between 2.2V and 3.6V. This makes it suitable
for devices with limited power supply.

These features make the MLX90393 a good choice for projects where precise mea-
surements and low energy use are important. Moreover, it is suitable for the tactile
sensor plate, because of the small size and measuring accuracy.[30]

4.1.3 Inertial Measurement Unit

The Inertial Measurement Unit (IMU) LSM6DSOQTR1 is a sensor with a 3-axis
accelerometer and a 3-axis gyroscope. It can measure motion with adjustable ranges

1The LSM6DSO16ISTR was initially planned for this project due to its integrated Intelligent
Sensor Processing Unit, which allows for on-chip data processing. However, since it was out of
stock, the LSM6DSOQTR was used instead, as it still meets the project's requirements despite
lacking the ISPU feature. [31]
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for acceleration (± 2/ ± 4/ ± 8/ ± 16 g) and angular rate (± 125/± 250/± 500/± 1000/± 2000
dps). This IMU tracks motion and is suitable for real-time movement detection [32].

4.1.4 Demultiplexer

The 74HCT154 demultiplexer is an important part of the system, used to manage
multiple sensor inputs. It is a 4-to-16-line demultiplexer, which allows control of up
to 16 sensors using only four GPIO pins. The 74HCT154 demultiplexer is designed
for fast signal switching and e�cient sensor selection. The switching speed of the
demultiplexer can be estimated using its propagation delay, which represents the
time required for a signal to travel through the circuit.
According to the datasheet, the propagation delay from the address input to the
output is typically 13 ns, with a maximum value of 35 ns. The transition time,
which describes how FAST the output changes state, is around 7 ns. The maximum
switching frequency is estimated as follows:

f max �
1

tP D

Using the typical propagation delay of 13 ns, the estimated maximum switching
frequency is:

f max �
1

13� 10� 9
� 76:9 MHz

For the worst-case propagation delay of 35 ns, the switching frequency is reduced
to:

f max �
1

35� 10� 9
� 28:6 MHz

This means that under typical conditions, this demultiplexer can switch at frequen-
cies up to approximately 77 MHz, while under worst-case conditions, the maximum
frequency is limited to around 28.6 MHz. The operating frequency may vary depend-
ing on supply voltage, temperature, and load capacitance. The practical maximum
frequency is generally lower than the theoretical limit.

4.2 Physical System Design

This section explains the design and layout of the tactile sensor plate system, showing
how the parts are connected and built.

4.2.1 Tactile Sensor Plate Layout

The tactile sensor plate is designed to hold an array of MLX90393 sensors in a grid
pattern. This layout ensures even coverage of the hand's surface, allowing accurate
force measurements across di�erent areas. The distance between sensors was chosen
to match the common force application points during tactile interactioins.
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The schematic in Figure 4.4 shows how the main parts of the tactile sensor plate
connect to the Raspberry Pi 5. The tactile sensor plate includes three demultiplexers
(DEMUX 1, DEMUX 2, and DEMUX 3) and an inertial measurement unit (IMU),
all linked to the Raspberry Pi through a single connector and �at �exible cable. Each

Figure 4.4: Schematic representation of the DEMUX and IMU connections to the
Raspberry Pi 5 via a 4-wire SPI interface, including the connections between the
DEMUX and the sensors, where SÖ 16 indicates the presence of 16 sensors.

demultiplexer controls 16 sensors, marked as "S," arranged on the tactile sensor plate,
in a matrix array. Demultiplexers control the chip select pin of each sensor (chip
select informs the sensor when it is its turn to communicate with the controller),
reducing the number of GPIO pins needed to control sensors. The system uses a
4-wire SPI channel for communication, represented by the coloured lines:

ˆ MOSI (Master Out Slave In, blue): Sends data from the Raspberry Pi
to the sensors and IMU.

ˆ MISO (Master In Slave Out, green): Receives data from the sensors and
IMU to the Raspberry Pi.

ˆ CLK (Clock, yellow): Keeps communication in sync.
ˆ CS (Chip Select, orange): Activates speci�c sensors or the IMU for com-

munication.
The grey lines symbolise the connections between the demultiplexers and Raspberry
Pi. The �at �exible cable connects the Raspberry Pi to the tactile sensor plate
through the central connector. The short cable with a length of 10 cm minimises
signal loss allowing the Raspberry Pi to be mounted on the forearm, making the
setup compact and convenient.
Additionally, Figure 4.5 illustrates di�erent layers of the tactile sensor plate, includ-
ing PCB, silicone layer, magnets, and sensors to help understand the physical design
and layering of the device.
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Figure 4.5: Di�erent layers of the tactile sensor board.

4.2.2 Printed Circuit Board Design

The printed circuit board (PCB), whose schematic is depicted in Figures 4.6a and
4.6b, shows the electrical connection between the tactile sensor plate components.
The challenge was to �t as many sensors as possible in the small area constrained
by the size of a palm. Moreover, it was also important not to use more than two
layers on the PCB to minimize the thickness of the plate. The dimensions of the
tactile sensor plate were determined based on handprint measurements collected
from approximately 20 people to ensure it �ts medium-sized hands. As a result, the
plate is designed to hold 48 MLX90393 sensors arranged in a 7x7 grid. The entire
plate measures 65 mm vertically and 80 mm horizontally. The sensors are spaced 10
mm apart horizontally and 6 mm apart vertically. The denser vertical spacing helps
capture the main forces applied by the �ngers during tactile interactions, aligning
with the natural movement directions of the �ngers. Figure 4.6b illustrates the
placement of the sensors and their respective connections to the demultiplexers.

The naming format, such as S 3_00, indicates that the sensor is connected to the
third multiplexer and is controlled by its 00 output signal. The labels M1-M3
correspond to the three individual demultiplexers.
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(a) Front view of the tactile sensor plate and connectors
design, showing the arrangement of the electronic compo-
nents. (Generated using KiCad)

(b) Back view of the tactile sensor plate and connectors,
highlighting the wiring connections and debugging points.
(Generated using KiCad)

Figure 4.6: Front and back views of the tactile sensor plate, illustrating the design
and wiring of the electronic components.

The back side of the tactile sensor plate contains several debugging points, with
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one provided for each sensor, demultiplexer, IMU, and signal line. These points are
included, allowing for easy testing and debugging of the system.
Additionally, the tactile sensor plate is designed with multiple 1.5 mm diameter
holes. These holes enhance the adherence of the silicone to the plate by allowing
the silicone layers on both sides to connect.
The design of the tactile sensor plate also considers other important factors. These
include reducing signal noise, keeping signals clean, and managing capacitance.
Proper grounding, good trace routing with the proper shape of the lines, spac-
ing between them, and placing capacitors in the right spots to stabilize the power
supply by �ltering out voltage spikes and noise. These capacitors help keep a stable
voltage to the MLX90393 sensors and reduce the impact of power �uctuations and
electrical noise on the sensor readings.

Tactile Sensor Plates Power Carrying Capacity

Another important consideration was the power consumption of the tactile sensor
plate. The plate integrates several components, each with speci�c power require-
ments. The 48 MLX90393 sensors operate in burst mode, with each sensor consum-
ing, in the worst-case scenario, approximately 4 mA [30]. The total current demand
for the MLX90393 sensors is calculated as:

Total Current (MLX90393) = 4 mA � 48 = 192:0mA:

Additionally, the plate includes one LSM6DSO16 IMU sensor, which has a current
consumption of 0.595 mA in the High-Performance Mode[31]. Furthermore, the
plate uses three 74HCT154 decoders, each consuming up to 160µA [33]. The total
current demand for the decoders is:

Total Current (Decoders)= 160 � A � 3 = 0:48mA:

Combining these values, the total theoretical current demand for the tactile sensor
plate is:

Total Current Demand = 192:0mA + 0:595mA + 0:48mA � 193mA:

The current-carrying capacity of the copper traces for both VCC and GND is de-
termined using the IPC-2221 standard, which is a standard that provides design
requirements for printed circuit boards [34] and calculated according to the formula:

I = k � � Tb � Ac (4.1)

where:
ˆ I is the current in amperes (A),
ˆ � T is Temperature rise above ambient in� C
ˆ A is the cross-sectional area of the trace in mm2 converted to mil2 (1 mm2 =

1550mil2),
ˆ k, b, and c are constants from the IPC-2221 standard depending on the envi-

ronment:,
� k = 0:048, b= 0:44, c = 0.725 for external traces.
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The VCC and GND traces are made of copper with a thickness of 0.35 mm, and
height of 0.035 mm. The current carrying capacity is calculated based on the total
cross-sectional area of the traces. The data is taken from the PCB design speci�ca-
tions.
To calculate the total cross-sectional area of the traces, the following formula is used:

A trace = trace width � copper thickness (4.2)

ˆ Copper thickness:0:035mm
ˆ Trace width: 0:35mm
ˆ Total cross-sectional area:

AVCC = 0:35mm � 0:035mm = 0:01225mm2

ˆ AVCC convertion to mil2:

AVCC, mil = 0:01225mm2 � 1550 = 18:99mil2

ˆ Calculation of the current:

I VCC = 0:048� 100:44 � (18:99)0:725 � 1:12A

Total length of the GND traces is 825:7452mm and the VCC traces length is
955:2595mm Traces of the adapter connecting the FFC cables to the Raspberry
Pi 5 have the same cross-section area as the main PCB, thus they can carry the
same current as the main PCB. The VCC and GND trace are designed to handle
more than 5 times higher currents than the operational requirements. This large
capacity allows the tactile sensor plate to operate well within the limits under all
conditions. The theoretical current demand of approximately0:2A has been con-
�rmed by later measurements on a working tactile sensor plate in a burst mode.
The power consumption is signi�cantly lower than the calculated capacity, giving a
safe margin.
The tactile sensor plate uses an FFC cable to connect to the controller via an adapter
PCB. The connection via the cable has one line dedicated to VCC and one to GND.
Each FFC cable and connector pair can carry up to 1.0 A per contact, greater than
the tactile sensor plate's current carrying demands.

Electrical Protection

The tactile sensor plate is exposed to potential electrical risks during development,
testing, and regular usage.
During development and testing the issues may come from faulty connections, such
as mistakes in soldering or wiring, which can cause short circuits or unexpected
high currents. Using incorrect power supplies or tools during testing might intro-
duce voltage spikes. Additionally, frequent adjustments to the prototype, such as
changing con�gurations or testing new setups, can create temporary electrical is-
sues. Debugging with tools, such as probes can also accidentally short traces or
apply unwanted loads.
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In everyday use, problems might occur due to user errors, such as plugging in the
wrong power supply or using a damaged cable. Overloading the system beyond its
designed capacity could lead to overcurrent.
To prevent these problems, the tactile sensor plate includes components such as
a PTC Resettable Fuse and a MOSFET. The PTC Resettable Fuse protects the
circuit by cutting o� the current during overcurrent situations and resetting itself
once the issue is resolved. The MOSFET acts as a switch, helping to control the
voltage and prevent sudden spikes. These additional components help to protect
the tactile sensor plate during both testing and operation.

4.2.3 Silicone Coating

The silicone protects against moisture, dust, and physical damage, extending the
tactile sensor plate's lifespan. It also serves as a medium through which displacement
is transformed into force. The Hall-e�ect sensors do not measure force directly,
but the distance to a magnetic source. When an external force is applied to the
silicone, it compresses, reducing the distance between the magnets and the sensors.
This displacement can be converted into force using Hooke's Law, the fundamental
principle behind the project's approach.
Eco�ex 00-20 silicone was selected for this purpose. Hardness levels, from 10 to 30
Shore, were tested, and 20 Shore was chosen as the most suitable. Shore hardness
indicates how resistant a material is to deformation. Silicone with 20 Shore hardness
strikes a balance: it is soft and �exible enough to compress evenly without being too
soft, which could reduce sensor protection, or too hard, which could resist pressure
and a�ect measurement accuracy.
One drawback of silicone is that it introduces a hysteresis e�ect during compression,
which can slightly a�ect the precision of readings. [35]
The sensors and electronic components are soldered directly onto the tactile sensor
plate, which is then encapsulated in silicone. This silicone layer protects the com-
ponents and increases the durability of the device. Magnets are embedded in the
silicone layer on the opposite side of the tactile sensor plate from the sensors.
The embedding process was done in two steps. A mold was created to give the
silicone its desired shape, including speci�c slots for the magnets directly above the
sensors. First, liquid silicone was poured into the mold, and the tactile sensor plate
was submerged into it. The silicone layer on the sensor side is thin, just enough
to cover the components. On the opposite side, the silicone is about 2.5 mm thick,
with 1 mm deep holes for the magnets. These holes position the magnets 1.5 mm
away from the PCB. The total thickness of the tactile sensor plate embedded in
the silicone became approximately 8 mm. After the silicone hardened, the magnets
were placed into the prepared slots, ensuring they all had the same orientation,
to simplify later data processing and modelling. The magnets were embedded on
the �at side of the tactile sensor plate because it had no components, allowing the
silicone to compress uniformly under force without causing irregularities that could
impact the readings. Once all magnets were in place, a second layer of silicone was
poured to cover and secure them. To ensure the silicone was uniform and free of air
bubbles, it was processed in a vacuum chamber. The result of covering in silicone
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is shown on Figure 4.7.

Figure 4.7: The tactile sensor plate covered in silicone.

4.2.4 Raspberry Pi Housing

The Raspberry Pi housing is designed to protect the controller from external factors,
such as physical damage, while also allowing it to be securely mounted on the
forearm. The housing was designed with the following key factors in mind:

ˆ Ventilation: Multiple side and bottom openings for air circulation to prevent
overheating.

ˆ Modular Assembly: The two-part design allows easy access for mainte-
nance.

ˆ Minimalistic Surface Design: The design keeps the surface clean and
smooth, without unnecessary shapes or holes, making it easier to clean.

ˆ Cable Management: Openings are positioned to allow e�cient routing of
power and data cables.

ˆ Mounting Slots: The case includes dedicated slots on the sides for attaching
a strap, allowing mounting around the forearm.

(a) Raspberry Pi housing bottom. (b) Raspberry Pi housing top.

(c) Raspberry Pi housing bottom. (d) Raspberry Pi housing top.

Figure 4.8: Raspberry Pi housing.
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