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Abstract

The sense of touch is essential for stable object manipulation, safe interaction, and
embodiment. In upper-limb prosthetics, however, tactile sensation is largely absent,
forcing users to rely heavily on vision and increasing cognitive load. Addressing this
limitation requires not only tactile sensors, but also mechanically compliant and scalable
hand sensorization, reliable real-time decoding of tactile signals under variable contact
conditions, and feedback-ready outputs that can be translated into intuitive stimulation
patterns.

This thesis develops and validates a tactile sensing framework for upper-limb pros-
thetic hands based on piezoelectric polymer (PVDF) sensing, progressing from localized
biomimetic sensing to prosthetic-hand integration, and finally to a distributed tactile sens-
ing and electrotactile feedback architecture that combines scalable hand sensorization,
real-time signal-processing pipelines, and multichannel sensory stimulation. First, a
biomimetic PVDF-based fingertip sensing system is used for hardness discrimination
through machine learning, with particular attention to incremental decision-making. On
a fixed-size window dataset, the best-performing model achieves 94.6% Top-1 accuracy
on 11,869 test windows, while Top-2 accuracy increases to 98.2%, indicating that most
errors are near-miss confusions.

Second, the overall approach has been transferred to the Hannes prosthetic hand,
where a real-time PC-based pipeline is developed for signal acquisition, conditioning,
event-driven segmentation, and hardness inference using a 1D convolutional neural
network. In offline evaluation with non-overlapping 100 ms windows across five hardness
levels, the CNN achieves 91.4% Top-1 accuracy on 895 test windows, increasing to 96.8%
and 98.7% for Top-2 and Top-3, respectively. Reliability analysis shows that very high-
confidence outputs are correct in 97.5% of cases. In online deployment, majority voting
over windows yields 80.0% event-level accuracy over 15 grasps, while confidence-gated
detection provides at least one correct high-confidence window in 80.0% of grasps with
a median latency of 0.21 s, demonstrating sub-second evidence accumulation.

Third, the work advances to a distributed tactile sensing and feedback architecture
that combines 64 sensors integrated across the fingertips and palm, a real-time pro-
cessing pipeline for binary contact-event extraction, and a multichannel non-invasive
electrotactile feedback interface. These events drive a 64-channel stimulator and four
4 × 4 matrix electrodes using a nearly one-to-one mapping between sensing units and
stimulation pads, thereby preserving the topographic organization of tactile informa-
tion. Validation in healthy subjects (𝑛 = 5) across five perceptual tasks shows strong
spatial performance for finger/palm detection (94.7±6.5%) and robust discrimination of
grasp-related contact extent and closure (82.0±5.7% and 82.7±10.1%), whereas tasks
dominated by temporal cues or subtle material differences remain more challenging.

Overall, the thesis demonstrates that PVDF-based tactile sensorization can sup-
port both data-driven inference of object properties and feedback-oriented, real-time



viii

tactile information delivery on upper-limb prosthetic-hand platforms. By combining
probabilistically interpretable hardness inference with scalable distributed sensing and
multichannel electrotactile feedback, this work provides a foundation for future sensory
restoration strategies and tactile-informed prosthesis control.

Keywords: tactile sensing; electronic skin; object hardness discrimination; ma-
chine learning; deep learning; real-time processing; electrotactile feedback; upper-limb
prosthetics.
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CHAPTER 1
Introduction

1.1 Motivation

The human sense of touch is a fundamental channel for interacting with the physical
world. Mechanosensory neurons embedded in the skin encode contact events and convey
information such as pressure, vibration, and pain to the central nervous system, enabling
both perception and protective reflexes [4, 5]. During everyday manual actions, tactile
signals from the fingertips are tightly coupled with motor control: they inform grip-force
regulation, manipulation stability, and rapid corrective responses [6]. Beyond functional
control, touch also contributes to a coherent bodily self-representation, supporting the
feeling that the hand is part of one’s body [7, 8]. This close coupling between sensation
and action motivates the broader goal of equipping artificial hands with the ability to
sense contact and to transform that information into actionable or perceivable cues.

In this context, upper-limb prosthetic hands aim to restore autonomy in activities
of daily living, yet the restoration of dexterous motor function alone is not sufficient.
Most users still rely heavily on vision to compensate for missing somatosensory cues,
which increases cognitive burden and can limit manipulation performance in realistic
environments [9, 10]. User studies and surveys consistently report that sensory feedback
is a priority requirement for upper-extremity prostheses and an important factor shaping
long-term acceptance [11, 12]. Accordingly, sensory-enabled prostheses are increasingly
viewed as a necessary step toward more functional and embodied artificial hands [8, 9].
From a systems perspective, enabling “prosthetic touch” requires at least three coupled
components: (i) tactile sensing on the prosthesis, (ii) processing/decoding of tactile data
into meaningful variables (e.g., contact location, force, or object properties), and (iii) a
feedback interface that delivers usable information back to the user [13, 14, 9]. Feedback
interfaces include invasive solutions (e.g., peripheral nerve stimulation) that can evoke
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2 Chapter 1 — Introduction

localized sensations referred to the missing hand [15, 8], and non-invasive sensory
substitution approaches (e.g., vibrotactile, mechanotactile, or electrotactile stimulation)
that are attractive for safety and ease of adoption [10, 16, 14]. Importantly, even when
feedback is available, the usefulness of the information depends on how reliably tactile
data can be captured and interpreted under realistic interaction variability.

A core technical barrier in sensory prostheses is therefore robust sensorization of
the hand surface. To approach the spatial richness of biological touch, distributed tactile
sensing arrays (“electronic skin”) are required, ideally combining mechanical compli-
ance, conformability, durability, and sufficiently dense spatial sampling [17, 18, 19].
Over the last two decades, advances in materials and fabrication have significantly
expanded what electronic skin can provide for interactive robots and wearable plat-
forms [20, 19], and flexible sensor technologies have been extensively reviewed and
categorized with an emphasis on their suitability for conformal, lightweight, and wear-
able deployment [21]. At the same time, tactile sensors based on diverse transduction
principles—including capacitive, piezoresistive, piezoelectric, optical, and magnetic
approaches—have been proposed for robotic and biomedical applications [22, 23, 24].
However, many technologies remain challenging to deploy on prosthetic hands because
practical systems must satisfy constraints on thickness, wiring complexity, robustness
to environmental factors, and integration with existing hand mechanics [18, 25]. In
other words, the challenge is not only achieving sensitivity in the lab, but achieving
stable sensing when the sensor becomes part of a real prosthetic embodiment that must
withstand repeated grasping, manipulation, and day-to-day handling.

In parallel, the readout chain (signal conditioning, acquisition, and digitization)
strongly influences what information can be extracted from tactile sensors, particularly
for piezoelectric polymers. Interface electronics for PVDF-based tactile sensors have
therefore been actively studied, with attention to noise, bandwidth, and practical inte-
gration [26, 27]. This electronic layer is not merely a support component: it determines
whether tactile sensing is usable for downstream decoding in real time, and whether the
overall system can be scaled beyond proof-of-concept demonstrations. Consequently,
tactile sensorization must be considered jointly with the electronics and the data pipeline,
rather than as independent blocks.

Even with high-quality tactile sensing hardware, translating raw signals into action-
able information remains non-trivial. Tactile data are often high-dimensional, noisy,
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and strongly dependent on contact conditions, loading profiles, and interaction dynam-
ics [18, 28]. For that reason, tactile data decoding spans a spectrum from classical
signal processing (e.g., denoising, drift removal, event detection, slip indicators) [29]
to learning-based inference of object properties and interaction states [30, 28]. Among
object properties, hardness (or stiffness-related discriminability under interaction) is
particularly relevant for functional grasping and safe manipulation. Humans perceive
hardness using interaction-dependent cues (e.g., transient forces and vibration during
tapping or indentation), and perception can vary across moderate stiffness levels that
produce similar responses [31, 6]. In robotics and tactile AI, hardness estimation and
classification have been explored using both engineered features and deep learning ap-
proaches, including shape-independent strategies under controlled sensing conditions
[32, 30]. However, transferring such ideas into sensory prosthetic hands requires ad-
dressing additional constraints: real-time operation, robustness to speed/load variabil-
ity, limited on-device resources, and the need for interpretable outputs that can support
feedback delivery rather than offline analysis only [10, 9]. These constraints become
particularly important when the goal is not just classification accuracy in isolation, but
the extraction of tactile information that can be acted upon quickly and reliably during
manipulation.

Despite major advances, several gaps remain before tactile sensing and feedback can
become practical and beneficial for everyday upper-limb prosthesis use.

1: Practical distributed sensorization of prosthetic hands. Distributed tactile sens-
ing must remain thin, compliant, and robust while maintaining stable electromechanical
coupling and scalable interconnects. Although e-skin concepts are mature in robotics,
prosthetic integration still requires careful design choices to balance spatial coverage,
reliability, maintainability, and wearability [18, 19, 25].

2: Decoding pipelines that work online under realistic conditions. Many tactile
classification studies report high accuracy under controlled protocols, yet real prosthetic
interactions involve variability in contact timing, indentation speed, loading, and in-
cidental disturbances. Robust online pipelines therefore require signal processing for
event detection and drift/noise handling, plus learning models that can generalize across
conditions while meeting latency constraints [30, 29, 10].
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3: Closing the loop with feedback. For feedback to be useful, the system must output
variables that can be mapped to stimulation in a stable and interpretable way. This in-
cludes not only point estimates (e.g., predicted hardness class) but also confidence/uncer-
tainty measures that can support confidence-aware strategies [14, 8]. Invasive interfaces
can provide high-fidelity sensations but face surgical and translational barriers; non-
invasive interfaces are more deployable but require careful coding and stimulus design
to remain informative and comfortable over time [16, 10, 9].

Motivated by these gaps, this thesis targets the development and validation of a
tactile sensing framework for upper-limb prosthetic hands that progresses from local-
ized biomimetic sensing to hand-level sensorization, and finally to distributed sensing
with feedback-ready outputs. The experimental platform is centered on prosthetic-hand
embodiments enabling realistic manipulation contexts [33], and on an e-skin and elec-
tronics stack designed for piezoelectric polymer sensing, where interface design and
noise-aware processing are integral [26, 27].

A key objective is to demonstrate that tactile signals acquired from piezoelectric sen-
sor arrays can be decoded to infer meaningful object-related information (with emphasis
on hardness discrimination) under interaction variability, using machine learning and
deep learning approaches designed for online operation [30, 32].

In this thesis, the motivation is to move beyond that limitation by demonstrating
methodologies on a real prosthetic-hand platform, where the sensing system can be
mounted and the hand can physically interact with objects in human-like scenarios [33].
This distinction is central because it directly affects integration constraints (geometry,
cabling, robustness) and the realism of the tactile data distribution that the decoding and
feedback pipelines must handle.

Beyond decoding, the thesis aims to demonstrate how distributed tactile information
can be transformed into feedback-ready signals that support end-to-end sensory restora-
tion through non-invasive stimulation interfaces, leveraging established principles for
wearable haptics and tactile displays [14, 13, 16].

In this way, the overall motivation is not only to improve tactile sensing hardware,
but to validate a complete chain that connects sensorization, real-time decoding (us-
ing ML/DL and signal processing), and feedback-oriented outputs in prosthetic-hand
conditions that are as realistic and transferable as possible.
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1.2 Contributions

This thesis advances upper-limb prosthetic sensing and sensory feedback by developing
and validating a tactile sensing-to-feedback pipeline that progressively increases realism
and system scope: from a biomimetic fingertip sensor used in controlled indentation
experiments, to prosthetic-hand hardness inference under less controlled grasps, and
finally to a full distributed tactile sensing and electrotactile feedback interface evaluated
in human-subject experiments. The main contributions are grouped into three comple-
mentary themes: (i) tactile sensing and sensorization, (ii) tactile data processing and
hardness inference, and (iii) end-to-end sensory feedback for prosthetic hands.

1.2.1 Progressive tactile sensing and sensorization for a prosthetic
hand

A central contribution of this thesis is the step-by-step development and validation
of a tactile sensing system that evolves from a biomimetic fingertip prototype toward
full-hand sensorization on the Hannes prosthetic hand.

Chapter 3 (biomimetic fingertip sensing, controlled validation): Integration
and experimental validation of a PVDF/P(VDF-TrFE)-based biomimetic finger-
cap sensor (8 sensing points) together with a dedicated readout circuit, and sys-
tematic characterization through a controlled Cartesian-robot indentation protocol
that varies indentation speed and target load to capture realistic contact dynamics.

Chapter 4 (prosthetic-hand sensorization for hardness inference): Transfer
of the sensing concept from a controlled laboratory indentation setup to a less
controlled prosthetic-hand context, using the Hannes hand as the experimental
platform to evaluate hardness discrimination from tactile sensing during grasping,
and to quantify the robustness of tactile inference across grasp conditions.

Chapter 5 (distributed sensorization on the prosthetic hand): Realization
of a distributed tactile sensing system on the Hannes hand using a multi-sensor
e-skin architecture that extends sensing coverage beyond a single sensing site,
enabling spatially structured interaction sensing (fingertips/palm) and supporting
subsequent closed-loop mapping to distributed stimulation.
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1.2.2 Tactile data processing and hardness inference under increas-
ing variability

A second contribution is the design and evaluation of tactile processing pipelines that
demonstrate how hardness information emerges over time, how model choice affects
robustness, and how probabilistic outputs can be exploited for reliable online decision-
making.

Chapter 3 (feature-based ML + incremental inference analysis): Development
of two hardness-discrimination pipelines: (i) a reduced single-sensor approach
using PCA-ranked statistical features and classical classifiers, and (ii) a multi-
sensor incremental framework that explicitly studies hardness discrimination as
a function of the observed portion of the signal using cumulative windowing
strategies, complemented by probabilistic analyses (Top-𝑘 , calibration, confidence
structure) to support confidence-aware decision rules.

Chapter 4 (CNN vs. feature-based baselines + scenario-wise robustness + on-
line criteria): Benchmarking of classical ML models against an end-to-end CNN
trained on raw windows across multiple window durations, followed by scenario-
wise evaluation across grasping conditions (target contact pressure and grasping
frequency). In addition, the chapter proposes and validates confidence-gated on-
line decision rules (event-level voting and detection latency under a confidence
threshold), enabling realistic performance assessment in real-time operation.

1.2.3 End-to-end sensory feedback system for upper-limb prosthet-
ics

A third contribution is the end-to-end distributed sensing to interpretable, spatially
organized tactile feedback on the user, validated through psychophysical experiments.

Chapter 5 (distributed sensing→ distributed electrotactile feedback): Design
and validation of an end-to-end sensory feedback system that maps tactile events
acquired from a distributed e-skin on the Hannes prosthetic hand to spatially struc-
tured electrotactile stimulation delivered through flexible matrix electrodes. The
full pipeline is evaluated in human-subject experiments across multiple perceptual
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tasks, demonstrating the feasibility of high-channel, real-time, non-invasive tactile
feedback for upper-limb prostheses.

1.3 Thesis outline

The remainder of this thesis is organized as follows.
Chapter 2 reviews the state of the art in upper-limb prosthetic sensing and sen-

sory feedback, covering tactile sensing modalities, integration constraints, tactile signal
processing and inference, and non-invasive feedback interfaces. The chapter highlights
open challenges in robustness, real-time operation, and the translation from laboratory
demonstrations to prosthetic-ready systems.

Chapter 3 presents the development and experimental validation of a biomimetic
PVDF-based fingertip sensing system and its use for hardness discrimination in a con-
trolled Cartesian-robot indentation setup. The chapter introduces two activities: (i)
feature-based hardness classification using a reduced single-sensor pipeline, and (ii)
an incremental multi-sensor framework that analyzes how classification performance
evolves as a function of the observed portion of the tactile interaction, complemented by
probabilistic confidence analysis.

Chapter 4 investigates hardness classification in a less controlled setting using a
prosthetic hand. Classical machine learning models and a CNN are evaluated across
window durations, followed by scenario-wise analysis across grasp conditions. The
selected CNN is deployed in a real-time pipeline (PC-based) and evaluated online using
event-level decisions and confidence-gated detection with latency analysis.

Chapter 5 presents an end-to-end sensory feedback system for upper-limb pros-
thetics, integrating distributed tactile sensing on the prosthetic hand with distributed
electrotactile stimulation on the user. The complete pipeline is evaluated in human-
subject experiments across multiple perceptual tasks designed to probe complementary
aspects of tactile information relevant to manipulation.

Chapter 6 concludes the thesis by summarizing the main findings, discussing lim-
itations, and outlining directions for future work toward robust, scalable, and clinically
relevant tactile sensing and sensory feedback for prosthetic hands.





CHAPTER 2
State of the Art

2.1 Introduction

Tactile sensing and sensory feedback are central to achieving stable grasping, safe physi-
cal interaction, and a feeling of embodiment in robotic and prosthetic hands. Despite ma-
jor advances in mechatronic design and control, many systems still operate with limited
information about when, where, and how contact occurs, which constrains manipulation
performance and increases the user’s reliance on vision. In the context of upper-limb
prostheses, closing the loop with somatosensory feedback is widely recognized as a key
step toward more natural and effective use [34, 35]. More broadly, drawing inspiration
from the structure and bandwidth of human cutaneous afferents [36, 37], artificial tactile
systems combine transduction materials, electronics, and signal processing to transform
physical interactions into informative features and actionable feedback. Recent progress
in printed and flexible sensor technologies has further enabled conformable, scalable
sensorization over complex hand geometries [38, 39], while embedded processing and
closed-loop feedback interfaces have moved tactile sensing from purely offline analysis
toward real-time operation [40, 41, 42].

However, building a practical tactile-enabled prosthetic/robotic hand remains a
system-level challenge: the sensing modality and packaging must be robust and me-
chanically compliant; the data pipeline must handle noisy, non-stationary signals under
variable contact dynamics; and the extracted tactile information must be encoded through
a feedback interface with sufficient bandwidth and repeatability to be learnable and use-
ful in functional tasks. These considerations motivate a structured view of the literature
that spans (i) tactile sensor technologies, (ii) tactile data processing (signal processing
and machine learning), (iii) representative tactile classification and control applications,
and (iv) feedback techniques used to convey tactile information to the user.

9
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Accordingly, this chapter reviews tactile sensing systems with an emphasis on
prosthesis- and teleoperation-oriented solutions. It first overviews tactile sensor tech-
nologies, focusing on piezoelectric, resistive, capacitive, and optical approaches (Sec-
tion 2.3). It then summarizes tactile data processing pipelines, covering signal process-
ing and machine-learning-based interpretation (Section 2.4), including representative
learning strategies used for tactile time-series [43, 42]. Next, it surveys tactile-sensing
applications relevant to this thesis hardness classification, as well as grasp control and
slip detection (Section 2.5). Finally, it reviews major feedback modalities (vibrotac-
tile, electrotactile, mechanotactile, and kinesthetic) and discusses how their constraints
influence encoding strategies for delivering tactile information (Section 2.6). The chap-
ter concludes by highlighting the key gaps that motivate the thesis approach: scalable
PVDF-based sensorization, real-time processing, and distributed non-invasive feedback
suitable for end-to-end closed-loop operation.

2.2 Tactile Sensing Systems

Sensors for robotic hands transduce various modalities of tactile stimuli, aiming at recre-
ating naturalistic perception. Today’s tactile sensing systems encounter many challenges
that limit their integration in robotic hand systems (e.g., prosthetic systems), such as
design issues, spatial distribution, low signal-to-noise ratio (SNR), crosstalk, wireless
communication, and the lack of signal processing and machine learning methods to
encode the acquired data from tactile sensors [44]. The main design requirements are
summarized in table 2.1.

It is expected that artificial tactile sensors demonstrate small spatial resolution (≥
1mm for fingertips, 5 mm for hand palm), high sensitivity varying from 0.01 to 10 N,
which extends along with the tactile frequency range (< 1Hz - 1kHz), low hysteresis,
fast and linear response (less than 1 ms), wide dynamic range, and high reliability.
Furthermore, it needs to exhibit high electromechanical bandwidth to detect fast events
(e.g., incipient slip) and customizable shapes of e-skin patches and sensor numbers.
Additionally, low cost, low power consumption, and scalability are major factors for the
robotic application.
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Table 2.1: Design requirements for tactile sensing system

Design criteria Character guideline
Detectable force range (Dynamic
range)

0.01 N–10 N

Spatial resolution ≥ 1 mm for small sensing areas (e.g., fingertips),
≥ 5 mm for large sensing arrays (e.g., limbs,
torso, etc.)

Sensor frequency bandwidth (sen-
sor response time)

0.1 Hz–1 kHz, about 1 kHz (1 ms)

Mechanical sensing detection capa-
bility

Normal and shear forces; vibrations

Sensor System characteristics Mechanical: Flexible, stretchable, con-
formable, and soft, robust, and durable.
Electrical: Low power, minimal wiring and
cross-talk, and electrically and magnetically
minimal sensitivity.

Sensor response Monotonic, not necessarily linear, low hystere-
sis, stable and repeatable

Temporal variation Both dynamic and static

2.3 Tactile Sensors

Enabling tactile sensation particularly in upper limb prostheses is still not as mature as
that in other fields (such as robotics, touch screens, etc.), yet the achievements could be
adopted into this field. Given that grasping is one of the major functions of hands, most
studies of tactile sensing focus on grasp force or pressure to prevent slip and achieve
a stable grasp. The measured characteristics of touch, however, can be not only force
and pressure, but also stiffness, texture, or shape. Thus, different sensing techniques are
desired to be synthesized to realize a human-like tactile sensing system [45].

The following is a review of the available tactile sensing techniques which have the
potential to be applied in robotic hands and specifically in prosthetic hands, namely, resis-
tive sensors (such as strain gauges and piezoresistive), capacitive sensors, piezoelectric
sensors, and optical sensors. Table 2.2 summarizes the advantages and disadvantages of
each of the aforementioned sensing techniques.
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Table 2.2: Characteristics of different tactile sensing techniques used for e-skin fabrica-
tion

Tactile sen-
sors Working principle Advantages Disadvantages

Piezoresistive
Its resistance varies
with the deformation
caused by applied force.

Simple electronics; High sen-
sitivity; Resistant to interfer-
ence

Hysteresis; Temperature Sen-
sitivity; Fragile and Rigid;
High power consumption

Capacitive
Its capacitance varies
with the deformation
caused by applied force.

Sensitivity of small force
change; Reliability; Dynamic
and static force measurement;
Low temperature sensitivity;
Low power consumption.

Limited spatial resolution;
Noise sensitivity; Complex
electronics; Cross-talk be-
tween elements; Hysteresis

Piezoelectric
An electric voltage will
be produced when a
force is applied to it.

No need for power supply;
High reliability; Fast dynamic
response; High sensitivity;
High accuracy

Low spatial resolution; High
temperature sensitivity; In-
ability to sense static value

Optical
The intensity or the
spectrum of light varies
with the applied force.

Immune to electromagnetic
fields; High spatial resolution;
Wide sensing range; Good re-
liability

Fragile and rigid; Large size

2.3.1 Piezoelectric sensors

Piezoelectric materials transfer mechanical stress into an electrical potential. Piezoelec-
tric sensing is one of the few sensing techniques that do not require a power supply,
which is considered an outstanding advantage. Besides, it also exhibits high sensitivity,
reliability, and fast dynamic response. It’s wide response range of 0 to 1 kHz makes it a
good choice for vibrations measurement [46].

Various piezoelectric materials can be used for constructing piezoelectric tactile sen-
sors. The most widely used one is polyvinylidene fluoride (PVDF). PVDF has many
advantages, like mechanical flexibility, dimensional stability, high piezoelectric coeffi-
cients, formability into very thin sheets (5 𝜇m), and a relatively low price. Moreover, it
has a fast and accurate response to high-frequency vibrations. Polymers such as PDMS
have been used in mesa micro-structures to achieve flexible and sensitive sensors [47].
Another promising piezoelectric material is zinc oxide (ZnO) nanotransducer because
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of its high flexibility and biocompatibility [48][49]. ZnO is proposed to be a good
candidate material for pressure and temperature sensor to be applied to prosthetic limbs.

During the past years, piezoelectric sensors have been used for the detection of
slip [48], texture [50][51], roughness [52] and stiffness [53]. Thus, many surface
characteristics can be completely determined using piezoelectric sensors. However,
piezoelectric tactile sensors also have inherent drawbacks, the greatest one of which is
the inability to measure static contact forces. Moreover, robustness and sensitivity to
temperature are lacking.

2.3.2 Resistive sensors

Resistive sensors measure internal changes in resistance due to an externally applied
force. Resistive sensors have been used to detect the normal force, shear force, lateral
strain, and bending strain through the conversion of such mechanical changes into an
electrical resistance [54][55].

Certainly, sensors that are more useful for robotic hands are those that are more
sensitive to a range of low-impact forces that would typically be experienced at the
fingertips. Jorgovanovic et al. presented the static and dynamic characterization of
piezoresistive sensors used for detecting the positions of prosthetic finger joints [56].
Kane et al. [57] proposed a piezoresistive stress sensor array with high spatial resolution
comparable to the human dermis. It exhibited a high potential for dexterous manipulation
applications. Various applications with piezoresistive tactile sensors can also be found
in stress and force measurement [57], stiffness of soft tissues detection [58], and for
fingertip sensing [59] etc.

2.3.3 Capacitive sensors

Generally, a capacitive sensor consists of a dielectric material sandwiched between two
parallel conductive layers. The capacitance between the two layers varies with the
deformation of the dielectric material as a result of the force applied to the sensor.
The capacitive sensor is considered the most sensitive sensor for detecting small force
changes. Moreover, it exhibits high sensitivity, robust performance, a large dynamic
range, temperature sensitivity, and low power consumption [60]. It can be used for both



14 Chapter 2 — State of the Art

dynamic and static force measurement. Additionally, their sensitivity to noise leads to
relatively complex electronics for noise filtration. Several designs for pressure detection,
shear force sensing, and texture recognition have been proposed in the literature [22].
The capacitive touch sensor array was integrated into a prosthetic hand thumb finger in
[61]. Capacitive sensors have also been deployed for multi-axis force measurement in
gripping and object manipulation, texture recognition [60], shear sensing [23], and touch
screen applications [62], among others. Another capacitive tactile sensor was presented
for gripping force measurement with a sensor range of 0-3000 mN [61].

2.3.4 Optical sensors

Optical sensors have been used for tactile signal transduction, measuring optical varia-
tions across semitransparent media due to physical deformation upon contact and pres-
sure [24]. Optical sensors maintain high sensitivity and resolution while being immune
to electromagnetic interference from nearby sources [23]. These sensors are subject
to less hysteresis and time response than other types of devices due to the immediate
response of light intensity to strain in the device. Recently, a prosthetic finger was
developed using a sensor with a looped optical waveguide [63].

2.4 Tactile Data Processing

2.4.1 Signal Processing

The quality of the data used to train machine-learning models is critical, since noise,
artifacts, and irrelevant variability can directly degrade classification performance. Con-
sequently, tactile signals are commonly pre-processed to reduce noise and to extract
informative representations and features. In addition to improving robustness, feature
extraction can reduce the computational and memory resources required for downstream
learning and inference.

A widely used approach is to transform the raw time-domain signal into a frequency-
domain representation using the Fourier transform (FT). In practice, the discrete Fourier
transform is typically computed via the fast Fourier transform (FFT), which enables ef-
ficient processing of temporal sensor signals. Frequency-domain signatures can capture
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Figure 2.1: PCA example illustrating dimensionality reduction from 3D to 2D (generated
using the data and code in [1]).

interactions such as micro-vibrations induced by contact and sliding, and have been used
to characterize surface features by relating spectral changes across tactile sensor signals
[64, 65]. These spectral descriptors can be used directly as features for machine-learning
algorithms [66, 67]. Kursun and Patooghy [68] investigated FFT-based feature extraction
using a window length of 256 samples and evaluated multiple learning algorithms; how-
ever, they reported that real-time embedded implementation was hindered by code-size
and memory constraints. More generally, comparable classification performance can
often be achieved using time-domain and frequency-domain representations, depending
on the task and model capacity [69, 70, 71].

When FFT-based descriptors are not sufficiently expressive, time–frequency methods
such as the discrete wavelet transform (DWT) are frequently employed [72, 73]. DWT
decomposes the signal into multiscale components by passing it through paired low-
pass and high-pass filter banks, yielding sub-band representations that can be used to
form feature vectors [73]. In the context of surface roughness discrimination, Qin et al.
[67] applied DWT to PVDF tactile signals and selected discriminative wavelet-derived
features for classification. For texture recognition using artificial fingers, Hanif et al.
[74] extracted FFT-based tactile features during exploratory movements; a key limitation
of this class of approaches is that texture decoding can depend on controlling and/or
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Figure 2.2: Conceptual procedure for separating tactile information from multiple
sources using ICA, optionally followed by time-series clustering (concept adapted from
[2]).

knowing the sliding conditions (e.g., velocity and contact trajectory), which may not be
available in unconstrained interaction.

In parallel to spectral and wavelet descriptors, classical time-domain statistical fea-
tures are widely used due to their low computational cost. Typical examples include
mean, standard deviation, variance, skewness, kurtosis, extrema, and signal power,
among others [75, 76]. Pre-processing may also include reducing redundant samples via
sub-sampling strategies prior to feature computation [77], which can further decrease
processing load for embedded tactile pipelines.

Beyond hand-crafted features, dimensionality reduction and feature extraction tech-
niques are often applied to compact high-dimensional tactile data. Principal component
analysis (PCA) is a foundational tool in multivariate data analysis [78]. PCA projects
data into a lower-dimensional subspace that preserves maximal variance, enabling a
representation of data in R𝑛−𝑘 from an original R𝑛 (for positive integers 𝑛 and 𝑘) with
minimal information loss. Figure 2.1 illustrates an example of reducing a 3D dataset
into a 2D representation (the figure was generated using the data and code in [1]).
PCA has been applied in tactile and material recognition pipelines, for example to re-
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Figure 2.3: LDA intuition: a poor projection direction can yield overlapping class
projections, whereas a discriminative direction increases separability in the projected
space [3].

duce dimensionality within individual sensing modalities of the BioTac sensor prior to
training a neural network [79], and to identify relevant features from thermal-property
datasets for material classification [80]. PCA-based compression has also been used in
tactile arrays to retain the most informative pressure patterns [75], and in PVDF-based
fabric evaluation where FFT-derived descriptors are compressed before classification
[81]. Nonlinear extensions include kernel PCA [82], which enables nonlinear feature
extraction through kernelized eigen-decomposition; it has been applied, for instance,
to low-resolution tactile image recognition in robotic assembly [83]. Other nonlinear
reductions include local PCA [84], which has been combined with learning methods for
tactile-based object classification [85].

Independent component analysis (ICA) can be viewed as a related linear technique
that seeks statistically independent components rather than orthogonal directions of
maximal variance [86]. ICA is often introduced through the “cocktail party” analogy,
where the objective is to separate multiple mixed sources into independent signals
[87]. In tactile perception, spatial ICA has been used to separate tactile information
arising from multiple simultaneous sources, for example in combination with time-series
clustering [2]; Figure 2.2 provides a conceptual overview of this procedure.
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Finally, linear discriminant analysis (LDA) is another classical method for feature
extraction and dimensionality reduction that explicitly optimizes class separability. LDA
finds a linear combination of features that maximizes between-class separation relative
to within-class scatter [3]. Unlike PCA, which is unsupervised, LDA uses class labels
and is therefore directly aligned with classification objectives. Figure 2.3 illustrates how
different projection directions can lead to poor or strong separability in the projected
space. LDA has been used, for example, to classify deformable versus non-deformable
surfaces from tactile images [88], and has also been explored for surface texture discrim-
ination [89]. In a broader object-recognition setting with the BioTac sensor mounted on
a robot, Hoelscher et al. [90] compared several tactile feature representations (includ-
ing PCA-based variants and physically motivated features) and demonstrated reliable
interactive recognition across a large set of objects.

2.4.2 Machine Learning

Machine learning (ML) is a research field focused on developing methods that learn from
data that is, methods that improve their performance on a task through experience rather
than being explicitly programmed. It is commonly viewed as a sub-area of artificial
intelligence. In ML, models are trained on example observations (training data) to
produce predictions or decisions on unseen data [70].

When building an ML model, one must choose among many possible algorithms;
however, strong performance in one domain does not guarantee strong performance
in another. The well-known no-free-lunch theorem formalizes this idea: even if an
algorithm performs well for a particular class of problems, its performance cannot be
assumed to transfer to a new problem without empirical evaluation [91].

In tactile perception and object-property recognition, both neural-network ap-
proaches ranging from shallow networks to deep architectures such as ANN, CNN,
RNN, and transformers and classical ML methods such as SVM, KNN, extreme learn-
ing machines (ELM), Naive Bayes, and decision trees have been widely used to classify
and identify properties of touched objects [92]. Finally, across prosthetics-related sens-
ing and perception studies, supervised learning with labeled data remains the dominant
paradigm [93].
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Table 2.3: Machine and Deep Learning Algorithms for Tactile Data Applications

Application Learning Algorithm Examples
Hardness/softness de-
tection

Support vector machine, K-nearest neigh-
bors, Decision Tree, Naive Bayes, Convo-
lutional neural network, recurrent neural
networks, K-medoids

[94],[95],[75],
[96], [97],[98]

texture/roughness
detection

Artificial neural network, Support vector
machine, Naive Bayes, K-nearest neigh-
bors

[99],[100],[101],
[102],[103],[104],
[105]

Slip and Grasp Detec-
tion

Neural networks, Support vector ma-
chines, K-nearest neighbors, logical re-
gression, Convolutional neural network,
K-Means

[106],[107],[108],
[109],[110],[111]

2.5 Tactile sensing classification Applications

Machine learning algorithms are designed to emulate human intelligence by learning
from the surrounding environment [112]. ML algorithms can extract complex, nonlinear
input-output relationships. They are trained using a set of examples, where each example
is described by a group of informative features. ML algorithms can support intelligent
and predictive systems that can make accurate decisions on unseen data. In this perspec-
tive, several works in the literature witness the adoption of machine learning algorithms
for classification/regression problems in robotic tactile sensing systems, including: ob-
ject recognition, object properties classification (e.g., Hardness, shape, and texture, etc.),
contact properties control (e.g. stability control, grasp control, and manipulation), and
contact events detection (e.g. detection of slippage), using normal and shear force sens-
ing, in addition to vibration detection. Moreover, for tactile information retrieval there
is a need for physical contact to be made with the object, material or human. Tactile
sensors supply various attributes about objects they contact that vision sensors simply
cannot, such as hardness, texture, weight, etc. Table2.3 reports the commonly used ML
algorithms with respect to the type of extracted tactile data.
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2.5.1 Hardness Classification

A common characteristic of an object that can be represented by tactile images is
hardness. The work in [113] described the hardness of the object as the ratio between
the force applied to an object and the resulting displacement of the object. The authors in
[75] integrated a tactile sensing system into a two–finger robotic gripper for the hardness
classification of fruits and vegetables. The compression test technique was adopted to
measure and label the hardness of the objects. Tactile sensors were mounted on both
clamps of the gripper, and data was collected by grasping each object multiple times.
Two models, i.e. support vector machine (SVM) and k–nearest neighbor (KNN), were
trained to solve a four–class hardness classification problem. As a result, the models
achieved a high classification accuracy (94.37%). In [94], piezoresistive tactile sensors
were integrated into a robotic gripper to explore the hardness of seven different types of
fruit by squeezing them. The tactile information was presented via a temporal sequence
of images that encode the pressure applied to the taxels. Each tactile image is an array
of 64 values (8 x 8). The mean and standard deviation were extracted as features for
each tactile image (one frame) and then used to train a kNN classifier to classify the
fruits. Using k=1, the model achieved a classification accuracy of 92.86% [94]. For
vegetable sorting, a two-finger robotic gripper was equipped with a tactile sensing system
to discriminate between green, moderate, and ripe tomatoes using decision tree (DT)
and Naive Bayes (NB) algorithms [114]. Tactile data was collected while grasping
objects. The ML models were deployed into a PIC32 microcontroller to achieve real-
time softness classification. An accuracy of 90% and 85% was achieved using DT and
NB, respectively. In [32], the authors proposed a CNN and a recurrent neural network
(RNN) to estimate the hardness of objects with different shapes using a GelSight tactile
sensor [115]. The sensor was integrated into the fingertip of a robot and data was
recorded as the object was grasped. The network was able to predict well the hardness of
silicone samples with similar shapes in the data set, regardless of the loading conditions;
however, for objects with rigid surfaces, the model was not able to estimate their hardness
wel. In [97], a skin sensor covering the forearm of a humanoid robot ’Cody’ was used
for a classification problem that involves classifying 18 objects based on hardness (soft
or rigid) and state (fixed or movable) using a KNN classifier. For k=2, a classification
accuracy of 80% was achieved. An FPGA-based tactile system was mounted on a
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Cartesian robot where tactile data was collected as objects were squeezed [98]. Two
algorithms were considered for the hardness classification of nine objects: K-medoids
and KNN. Each of the two algorithms achieved a classification accuracy of up to 86.7%.
For object classification based on shape, the authors in [116] integrated a piezoresistive
Tekscan tactile sensing system into a robotic finger. Pressure map images were collected
upon grasping four objects of different shapes. The authors developed a novel algorithm
to extract features from the pressure maps, which were used to train an artificial neural
network (ANN) to classify the shape of objects. As a result, the model achieved a 90%
success rate.

2.5.2 Texture Classification

According to [94] , roughness is the most studied material property in the context of
tactual perception. Authors in [99] investigate the ability of a biomimetic fingertip
to classify between different fabrics based on the texture of their surface alone using
ANNs. The fingertip contains five accelerometers and eight single point force sensors.
For data collection, the fingertip was moved in an exploratory motion to collect data from
eight force sensors and five accelerometers. The experiment was carried out on seven
types of materials made of fabrics. Using ANN, the model achieved 85% classification
accuracy based on texture. However, some textures were frequently misclassified such
as polyester and acrylic. In [100], authors proposed a tactile sensing system based
on four piezoelectric sensors to detect the surface roughness of fruits and vegetables
using a support vector machine (SVM) algorithm with a radial basis function kernel. In
addition, CNNs were employed for feature extraction from spatially distributed tactile
sensors. The model achieved a 91% success rate solving 4-class classification problem.
In [101] multiple ML algorithms were implemented to classify three different materials
(denim, a photo and tape) using texture related tactile information from their developed
sensors. Two ML algorithms, a multi-layer ANN and NB, were fed with data input
extracted using discrete wavelet transform. It was found that the ANN performed the
best by achieving 91% classification accuracy between objects of different materials,
while the NB achieved 67% accuracy. However, neither ML methods was able to
distinguish accurately between the two similar materials (i.e., photo and tape). Using
SVM, an autonomous humanoid robot equipped with artificial skin on both arms obtained
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a recognition rate up to 100% based on texture, with 70% objects categorization ability
in a setup that involved ten different objects[102] . In [103], the PVDF piezoelectric
sensor was integrated to a robotic fingertip for object textures recognition. Tactile data
generated from the sensor were used to feed different ML algorithms including SVM,
KNN, and artificial neural network (ANN). The SVM and KNN models performed
equally well giving classification rates higher than 90%, unlike the performance of ANN
which was lower. In [104] a naive Bayes classifier was used to distinguish textures
sensed by sliding a sensorized robotic finger along materials and collecting vibration
data. Different textures induce different intensity of vibrations in the sensor. Textures
can be distinguished by the presence of different frequencies in the signal. A total
of seven materials were tested including sponge, carpet, wood, two tiles of different
roughness and two pieces of vinyl of different roughness. The data from the finger was
pre-processed and the Fourier coefficients of the sensor outputs were used to learn a
classifier for different textures. The NB classifier was capable of predicting textures
between dissimilar surface textures with an accuracy of 78%; however, the classifier
was unable to distinguish between two types of tiles, as the texture of the surfaces were
similar. In [105], Least Square SVM was adopted to discriminate 20 daily used objects
based on their texture. A classification accuracy between 70% and 100% has been
recorded when using 10 training samples. Bayesian Exploration and Reinforcement
Learning have been used to train and validate a discrimination system in [117]. The
system was able to differentiate between 10 objects (brick, copper, wood, etc.) with a
90% success rate.

2.5.3 Grasp Control and Slippage Detection

Slip and grasp detection is an another task that can be supported by tactile data using
learning algorithms. In [106], a Phantom Omni arm [118] has been equipped with a
tactile sensory array of 84 sensor cells to study the translational and rotational movement
of an object. The arm was able to hold and recognize a ball with an accuracy of 91.2%
using K-Means clustering algorithm. When measurements of vibrations are used to
prevent a slippage, then the response time of a sensor becomes crucial. In [107], a
robotic system consisting of Barrett arm was equipped with three BioTac sensors to
estimate force, and detect and classify slip events for grasped objects. Different ML
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algorithms were tested including a single-hidden-layer neural network (NN) and 3-layer
NN. The best performance was achieved by detecting and classifying a slip with over
80% success rate and within 30 ms. The humanoid robot ARMAR-IIIB [119] was
learned to grasp objects using SVM[108]. The grasp was recorded as successful or not
by the ability to lift up the object. 77% of the grasps were considered as stable compared
to 23% unstable tries. The authors in [109] proposed an intelligent robot grasping system
that can grasp objects stably using tactile data from a flexible piezoresistive tactile sensor
array. A data collection system was assembled on the robot end-effector. The grasping
contact force was collected while grasping several objects and the stability state of each
grasping operation was recorded. Three different prediction models, namely support
vector classification (SVC), logical regression algorithm (LR), and KNN, were trained
to judge the grasping state. It was found that the SVC algorithm-based prediction
model yield the best performance by achieving over 98% judgment accuracy for the
overall objects, with limited training data. A CNN-based model was trained in [110] to
process the tactile information in order to enable successful in–grasp manipulation with
untrained daily objects. As a result, CNN effectively handled the tactile information from
uSkin sensors. Furthermore, tactile data from 241 distributed tactile skin sensors were
used to train feed–forward and deep neural networks to generate a controlled in–hand
manipulation of objects of different sizes and shapes [111].

2.6 Feedback Techniques

Sensory feedback is a fundamental component in upper-limb prosthetics because ef-
fective object manipulation does not depend solely on feedforward motor command
generation, but also on the continuous perception of contact events, force modulation,
object slip, hand posture, and interaction dynamics [120, 121, 122]. In the intact human
sensorimotor system, these functions are naturally supported by a rich combination of
cutaneous and proprioceptive afferent pathways. By contrast, users of prosthetic de-
vices must often rely predominantly on vision, which increases cognitive burden, slows
task execution, and may reduce manipulation confidence and embodiment [120, 10].
Consequently, artificial sensory feedback has emerged as a major research direction for
improving prosthesis usability, control, and user acceptance.
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From a physiological perspective, haptic perception can be broadly interpreted as
the integration of two complementary information channels: cutaneous information,
originating from mechanical interactions at the skin surface, and kinesthetic information,
associated with limb motion, joint displacement, force, and effort perception [123, 124].
This distinction is particularly relevant in prosthetics, where the natural afferent loop
is interrupted and must be partially restored using artificial stimulation delivered to the
residual limb or to another intact body region. In this context, the design of a feedback
system is not only a matter of stimulus generation, but also of selecting an appropriate
modality capable of conveying task-relevant information in a compact, wearable, and
cognitively interpretable form [120, 121].

Several feedback modalities have been investigated in the literature, including vi-
brotactile, electrotactile, mechanotactile, kinesthetic, thermal, auditory, visual aug-
mentation, and invasive neural stimulation approaches [120, 10, 14]. However, the
present thesis focuses on four non-invasive haptic techniques: electrotactile, vibrotac-
tile, mechanotactile, and kinesthetic feedback. This choice is motivated by three main
considerations. First, these four modalities represent the principal non-invasive strate-
gies most commonly adopted in upper-limb prosthetic research for conveying tactile and
proprioceptive information without surgery [120, 10]. Second, unlike thermal or purely
auditory cues, they directly target the haptic channel and are therefore more suitable for
reproducing information naturally associated with touch and object interaction [14, 123].
Third, these modalities offer a meaningful design space in terms of spatial resolution,
temporal bandwidth, wearability, and perceptual richness, making them particularly rel-
evant for comparison in the context of wearable artificial skin and prosthetic feedback
systems.

In the following, the discussion is therefore intentionally limited to these four tech-
niques. This targeted selection enables a focused comparison between the main non-
invasive haptic modalities that are most relevant to the objectives of this thesis, namely
the transmission of distributed tactile information acquired by a high-density piezoelec-
tric sensing system toward the user through an intuitive and wearable feedback channel.
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2.6.1 Vibrotactile feedback

Vibrotactile stimulation is provoked by mechanical vibration normal or transverse to
the skin surface. Mechanical vibration conveys tactile information by modulating vi-
bration frequency, amplitude, duration, timber, or spatial location [125]. The quality
of vibrotactile stimulus perception depends on the frequency of the vibration ( 10Hz to
500 Hz, which corresponds to the bandwidth of the human tactile sense) [126], the body
position, and age of the subject [127]. Vibrotactile devices delivering variable pressure
on the skin have been employed [128], for instance, it has been implemented to establish
proprioceptive communication between the user and the robotic hand. For example, It is
suitable for myoelectric prostheses and EEG- based prostheses (e.g. i-Limb myoelectric
prostheses Ottobock [129] MANUS [130], Fluid [131] and Smart hands [132]) since no
interference with electrical signals.

2.6.2 Electrotactile feedback

Electrotactile (or electrocutaneous) stimulation elicits tactile sensations within the skin
by passing low current to stimulate afferent nerve endings in the PNS [126]. Tactile
information is delivered through electrotactile stimulation by modulating the electrical
components of the pulse waveform i.e. current amplitude (1-20 mA), pulse waveform
(monophasic/biphasic, rectangular/sinusoidal), frequency, pulse width, duration of pulse
bursts, electrode properties i.e. size(small/large), conducting material and location
[10][133]. The variety in the stimulation parameters leads to delivering high bandwidth
of tactile information to the user. Electrotactile stimulation can elicit a range of sensations
like tingling, itch, vibration, buzz, touch, pressure, pinch, and sharp or burning pain
[134] depending on the stimulation parameter and the location. Since there are no
moving mechanical parts, the electrotactile systems consume less power, have low
weight, produce less noise, and respond faster compared to other tactile feedback systems.
Several electrotactile displays have been developed as sensory aids for hearing [135] and
vision [136] and can also be used to create perceptual illusions of surface changes [137].
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2.6.3 Mechanotactile feedback

Mechanotactile feedback delivers information through direct mechanical interaction
with the skin, for example by normal indentation, lateral skin stretch, local pressure,
pin arrays, or other forms of controlled cutaneous deformation [120, 14]. In contrast to
electrotactile feedback, mechanotactile stimulation physically reproduces a mechanical
event at the skin interface and can therefore generate more naturalistic tactile sensations.
This characteristic is especially important in prosthetic applications, where naturalness,
intuitiveness, and embodiment are central performance criteria in addition to decoding
accuracy or control speed [138, 10].

A major advantage of mechanotactile feedback is its intuitive perceptual quality.
Because the user feels an actual pressure, skin stretch, or distributed contact, the resulting
sensation often resembles natural touch more closely than electrically evoked percepts
[14]. Mechanotactile stimulation has therefore been explored to convey grasp force,
contact onset, finger position, and distributed pressure in prosthetic and teleoperation
systems [120, 10]. Moreover, skin stretch in particular has been shown to be effective for
communicating directional or proprioceptive information, since tangential deformation
of the skin can induce a clear perception of motion or force direction [139, 140]. Such
properties make mechanotactile interfaces attractive when the goal is to increase realism
or improve the interpretability of force-related cues.

Nevertheless, mechanotactile systems also present important engineering limita-
tions. They generally require moving parts, contact mechanisms, transmission elements,
or miniaturized actuators capable of producing sufficient and repeatable skin deforma-
tion. As a result, they are often bulkier, heavier, and mechanically more complex than
electrotactile or vibrotactile solutions [120, 14]. Their response bandwidth may also be
constrained by actuator dynamics, and increasing the number of independently address-
able stimulation points can become difficult when miniaturization, power consumption,
and wearability must all be preserved. In high-density applications, the integration of
many mechanotactile channels in a lightweight wearable system remains challenging.

Even with these constraints, mechanotactile feedback remains highly relevant be-
cause it offers a strong compromise between non-invasiveness and perceptual natural-
ness. Recent studies have shown that carefully designed mechanotactile interfaces can
improve not only task performance but also embodiment and subjective acceptance of
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prosthetic devices [138]. Therefore, mechanotactile feedback should not be interpreted
merely as an alternative to electrotactile or vibrotactile stimulation, but rather as a
complementary strategy that is especially valuable when realistic contact rendering and
intuitive interpretation are prioritized.

2.6.4 Kinesthetic feedback

Kinesthetic feedback aims to convey information related to limb position, movement,
resistance, interaction force, or effort by mechanically acting on muscles, tendons,
joints, or skin regions in a way that induces a proprioceptive-like sensation [123, 14]. In
prosthetics and wearable haptics, kinesthetic feedback is typically implemented through
grounded or wearable devices that apply force, displacement, or skin-stretch cues capable
of eliciting a perception associated with motion, force direction, or limb configuration
[139, 140, 144].

This modality is of particular interest because natural hand use depends not only on
touch at the skin surface, but also on proprioceptive awareness of finger motion, grasp
aperture, and interaction force. When this information is absent, prosthesis users may
compensate with increased visual monitoring and reduced confidence in manipulation
[120, 122]. Kinesthetic feedback therefore addresses an important dimension of sensory
restoration, especially for tasks involving graded force control, motion guidance, or
perception of hand state. In some implementations, kinesthetic cues are combined
with cutaneous cues to improve both contact localization and interpretation of dynamic
interaction variables [14, 124].

The main limitation of kinesthetic feedback in wearable prosthetics lies in implemen-
tation complexity. Delivering meaningful proprioceptive-like cues often requires forces
or displacements larger than those needed for simple cutaneous stimulation, which may
increase device size, anchoring requirements, and power consumption [123, 144]. In
addition, wearable kinesthetic devices may constrain movement or become less prac-
tical for daily use if they require rigid support or large actuation mechanisms. These
constraints have limited their translation into compact multi-channel prosthetic feedback

∗For mechanotactile and kinesthetic feedback, the literature is more strongly implementation-dependent
than for electrotactile and vibrotactile systems. The reported values should therefore be interpreted as
approximate practical ranges rather than strict modality-wide limits.
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Table 2.4: Comparison of the main non-invasive feedback techniques used in upper-limb
prosthetics.

Criterion Electrotactile Vibrotactile Mechanotactile Kinesthetic

Feedback infor-
mation

Localized touch
cues, distributed
tactile events,
contact state,
force-related
coding through
stimulation pa-
rameters

Contact events,
grasp force, slip
warnings, state
transitions

Pressure, normal
contact, dis-
tributed pressure,
directional skin
deformation,
force-related tac-
tile cues

Limb motion,
force direction, re-
sistance, posture,
proprioceptive-
like information

Spatial resolu-
tion

High Low to moderate Moderate Generally low to
moderate

Frequency range 5–100 Hz [141] 50–250 Hz [142] Typically ≲ 20
Hz∗ [138, 143]

Typically ≲ 10
Hz∗ [123, 14, 144]

Hardware com-
plexity

Low to moderate Low Moderate to high High

Wearability High High Moderate Moderate to low

Typical use in
prosthetics

Multi-site tactile
encoding, sen-
sory substitution,
distributed tactile
feedback

Event-based cues,
force feedback,
slip alerts

Pressure render-
ing, more natural
touch substitution,
embodiment-
oriented designs

Force guidance,
proprioceptive
augmentation,
motion-related
feedback

Advantages High spatial
density, com-
pact integration,
broad parameter
programmability,
lightweight hard-
ware

Simple, robust,
low cost, easy
to implement,
intuitive event
cueing

More natural
contact sensation,
intuitive pressure
rendering, strong
embodiment po-
tential

Addresses pro-
prioceptive
dimension, useful
for force/mo-
tion perception,
complements cu-
taneous feedback

Limitations Requires cali-
bration, percept
varies with
skin condition,
possible discom-
fort/habituation

Limited spatial
resolution due to
actuator size and
vibration spread

Mechanical com-
plexity, bulkier in-
tegration, limited
scalability to many
channels

High mechanical
complexity, larger
actuation demand,
lower wearability
in compact sys-
tems

References [120, 121, 126, 10,
141]

[120, 121, 145,
146, 10, 142]

[120, 14, 138, 139,
140, 143]

[123, 14, 139, 140,
144]
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systems compared with electrotactile and vibrotactile interfaces [120, 10]. Nevertheless,
kinesthetic feedback remains highly valuable conceptually because it targets a sensory di-
mension that is essential for dexterous action but often underrepresented in non-invasive
feedback design.

2.6.5 Feedback Modality Selection

Table 2.4 highlights that no single feedback modality is universally optimal; rather, each
technique offers a different compromise between perceptual richness, implementation
complexity, and suitability for wearable integration. Vibrotactile feedback is attractive
for simple and robust cueing, but its limited spatial density makes it less suitable for
representing large tactile maps. Mechanotactile and kinesthetic approaches can provide
more natural or proprioceptive-like sensations, but their increased mechanical complex-
ity makes scaling to many channels more difficult. Electrotactile feedback, although
it requires careful calibration, offers a particularly favorable balance for applications
involving distributed tactile sensing because it enables compact multi-electrode lay-
outs, relatively high spatial selectivity, and rapid programmable stimulation updates
[126, 147, 148].

For these reasons, electrotactile feedback was selected in this thesis as the most
appropriate modality for representing a high-density piezoelectric sensing system. The
objective of the proposed human-machine interface is not merely to indicate isolated con-
tact events, but to preserve as much as possible the spatial distribution and the temporal
richness of tactile information acquired at the sensing side. In this context, electrotactile
stimulation is particularly suitable because it supports dense electrode arrangements over
limited skin areas and allows rapid modulation of stimulation parameters in a compact
wearable form factor [126, 120, 147, 149]. Thus, the choice of electrotactile feedback is
consistent with the central goal of this thesis: transferring distributed tactile information
from the artificial skin to the user while maintaining high information density, localized
representation, and practical wearability.
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2.7 Conclusion

This chapter reviewed the key components required to build tactile-enabled robotic
and prosthetic hands, spanning sensing, processing, application-level inference, and
feedback delivery. We first outlined the system-level requirements and integration
challenges of tactile sensing systems in robotics (e.g., spatial distribution, SNR, crosstalk,
wiring/communication, and processing constraints) [44], and summarized typical design
targets in terms of force range, spatial resolution, bandwidth, and mechanical/electrical
robustness. We then surveyed the main tactile transduction technologies used in e-skin
and hand sensorization piezoelectric, resistive, capacitive, and optical highlighting their
respective strengths and limitations for hand integration (e.g., bandwidth and dynamic
response for piezoelectric sensing [46], static-force capability for capacitive sensors
[60], simplicity versus hysteresis/temperature sensitivity for resistive sensors [54, 55],
and electromagnetic immunity for optical sensing [24, 23]).

On the data-processing side, we reviewed representative signal-processing strate-
gies used to convert raw tactile time series into compact and discriminative represen-
tations. Frequency-domain descriptors derived via FFT can capture contact-induced
micro-vibration signatures and have been used successfully for surface characterization
and classification [64, 65, 66, 67], but their real-time embedded deployment can be lim-
ited by code-size and memory constraints [68]. Time–frequency methods such as DWT
provide multiscale representations that can be more expressive when purely spectral fea-
tures are insufficient [72, 73], while low-cost time-domain statistical descriptors remain
attractive when computational efficiency is critical [75, 76]. We also discussed dimen-
sionality reduction and feature-extraction approaches (PCA, ICA, and LDA), which are
widely used to compact high-dimensional tactile measurements and/or improve sep-
arability [78, 86, 3], with examples spanning material recognition and tactile image
processing [79, 90]. Finally, we summarized the role of machine learning for tactile in-
ference, emphasizing that algorithm choice remains problem-dependent (no-free-lunch
principle) [91], and that supervised learning continues to dominate prosthesis-oriented
tactile perception pipelines [93].

The chapter then surveyed representative tactile applications—hardness and texture
classification, as well as grasp stability and slip detection—illustrating that tactile sens-
ing can provide information not directly accessible to vision (e.g., hardness/texture cues
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and incipient slip) and can support both perception and control. However, the reviewed
studies also reveal recurring translation gaps: (i) performance often depends on con-
trolled interaction conditions (e.g., known sliding speed/trajectory for texture features)
[74]; (ii) many pipelines are validated offline rather than under real-time constraints
where latency, memory footprint, and robustness to non-stationary contact dynamics
become limiting factors [68]; and (iii) sensing and inference are frequently studied in
isolation from the feedback interface, despite the fact that closed-loop utility ultimately
depends on how tactile variables are encoded and perceived.

Finally, we reviewed major non-invasive feedback modalities (vibrotactile, elec-
trotactile, mechanotactile, and kinesthetic) and the encoding parameters that shape
the delivered percept (e.g., frequency/amplitude modulation for vibrotactile feedback
[125, 126], waveform and electrode/stimulation parameters for electrotactile feedback
[133, 10, 134]). Taken together, the literature motivates a system-level approach in which
sensing technology, real-time processing, and feedback encoding are co-designed. In
particular, the need for scalable and mechanically compliant sensorization, robust low-
latency tactile interpretation, and feedback-ready outputs with sufficient bandwidth and
repeatability motivates the thesis direction toward PVDF-based distributed sensing and
end-to-end, real-time pipelines that can drive structured non-invasive stimulation inter-
faces for closed-loop prosthetic operation [40, 41, 42].





CHAPTER 3
Experimental Assessment of Tactile

Sensing System in a Controlled
Environment

3.1 Introduction

Humans can explore diverse objects and simultaneously infer their material properties,
a challenging task for robots characterized by the lack of effective sensing systems. This
lack can affect different modalities of sensation and control including touch, pressure,
and proprioception [150, 151]. Until now, it remains challenging to simulate the human
sense of touch as it does not reflect only the tactile response to external physical stimuli
(e.g., pressure), but also the material properties (e.g., hardness) through extraction and
analysis of information [152]. Hardness, as an important physical property of objects,
directly impacts the grasping success of robots. It was proved that discrimination of an
object’s hardness increases proprioceptive, tactile discriminative, and object recognition
senses along with postural control [153]. To this end, hardness perception and intelligent
controls can be designed based on the development of tactile sensors [154] and machine
learning techniques [155].

Tremendous sensing technologies based on intelligent tactile sensors [152] and ma-
chine learning techniques [155] have been developed to recognize the material’s proper-
ties. Considering hardness as a key feature for efficient motor control of robotic hands
[156], many tactile sensors based on various sensing mechanisms were developed and
used for hardness recognition. For example, researchers in [157] utilized an optical
tactile sensor for tissue hardness discrimination. On the other hand, researchers in [158]
developed a membrane-like piezoresistive flexible tactile to discriminate six objects with
different hardness. A bionic tactile sensor based on PVDF tactile sensors was devel-
oped in [159] and used to detect the hardness of three latex samples during tapping
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Figure 3.1: (a) structure of the sensor array (b) Sensor Integration

experiments. Neural network algorithms were trained on the time-domain features of
the PVDF signals and used to discriminate the hardness of the samples. Authors in
[160] calculated the hardness using the load measured by a commercial tactile sensor
mounted on an RH8D five-fingered robotic hand. The authors programmed the hand to
grasp the object with constant speed and then employed several machine learning models
including a support vector machine (SVM) for object recognition. Similarly, authors in
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[161] combined a commercial tactile sensor array, principal component analysis (PCA),
k-nearest neighbor (KNN), and SVM to recognize the hardness of fruits and vegetables.
The authors mounted the sensors on a robotic gripper that manipulates the vegetables at
constant force and speed, thus limiting the experimental conditions. Despite the great
advancement in hardness classification, most of the works in the literature proposed
complex hardness approaches. Moreover, these approaches were validated in a con-
trolled manner in which the gripping speed and load of the manipulator were fixed. This
is important as humans use specific movement strategies to extract information about
object properties during haptic exploration [162]. Moreover, the relationship between
fundamentally different sensory parameters must be known to treat these parameters as
relating common object or property [163]. Therefore the load and speed one employs to
explore the object affects the perception of its softness since they may alter the intensity
and frequency content of the vibrations it elicits in the skin [6]. Therefore, it is crucial
to consider the tactile motion alongside the sliding speed and load while developing a
tactile sensing system for hardness identification. Moreover, it is generally difficult for
robotics to sense the material hardness using one single sensor [164]. To that aim, this
study attempted to develop a tactile sensing system that is composed of a PVDF-based
biomimetic finger cap, embedded electronics, and Machine Learning (ML) algorithms
for hardness discrimination in wearable and soft robots. This chapter demonstrates the
system’s capability of sensing the relative hardness of objects through a simple opera-
tion mechanism. Combined with feature extraction and machine learning, the sensing
system can perceive with high accuracy the object’s hardness, considering the change
in the indentation speed and load. It is organised as follows: Section 3.2 presents the
sensing system used in this experiment, briefly illustrating the design and shielding of
the sensor, Section 3.3 will present the experimental setup and data collection. This
activity was divided into two activities the first one by using the data of one sensor out
of eight and it’s methodology and results will be presented in Section 3.4, meanwhile
the last methodology developed to process the data of eight sensors and it’s results will
be explained in Section 3.5. Finally, conclusive remarks are given in Section 3.6
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3.2 Biomimetic Tactile Sensing System

With the target of implementing the sensing system in different applications, such as
robotics (e.g., prosthetic hands) or healthcare (e.g., rehabilitation), the components were
integrated into a finger-cap structure that could be mounted on the fingertip (Fig. 3.1b).

The sensing arrays used in this activity were based on a previously developed
fully screen-printed flexible sensor technology fabricated by JOANNEUM RESEARCH
[165]. Therefore, the focus of the present thesis activity was not on the fabrication of
the piezoelectric arrays themselves but on the development of a dedicated integration
strategy that embeds these sensing arrays into a biomimetic finger-cap structure suitable
for easier usage in applications (e.g., robotics, rehabilitation)

The manufacturing process of the sensing arrays relies on screen printing of ferro-
electric sensor arrays based on P(VDF-TrFE) poly(vinylidene fluoride trifluoroethylene)
repeated units. Fig. 3.1(a) shows the structure of the sensing arrays. The bottom elec-
trode is screen-printed on a transparent and flexible (175 𝜇m thick) DIN A4 plastic foil
(Melinex ST 725) substrate. A ferroelectric polymer P(VDF-TrFE) layer (5.1 𝜇m thick)
is then screen-printed onto the bottom electrodes, followed by screen printing of the
top electrodes (PEDOT:PSS). A UV-curable lacquer layer is then deposited on top for
overall sensor protection. Finally, the poling procedure aligns the dipoles in the thickness
direction of the P(VDF-TrFE) crystallites.

In the present work, the sensing arrays were mechanically and electrically prepared
for integration into the finger-cap structure. The layout of the sensing arrays and the
sensor distribution were chosen to allocate most sensors to the center of the fingertip
while allowing practical integration on the finger surface. Before integrating the sensing
arrays into the finger cap, protection and shielding layers were added to protect the
skin electrically and mechanically while preserving conformity to the finger shape.
The sensing array was first connected to a routing PCB that extends the tracks and
then sandwiched between two electrically conductive tapes (Model tesa 60262, tesa).
The conductive tape was used as a shielding layer to reduce sensitivity to noise. To
preserve a high sensor sensitivity, the resulting structure was then embedded between
two silicone caps, forming the sensorized finger cap shown in Fig. 3.1. Embedding
the sensing array into the silicone caps provided good mechanical contact and enabled
efficient transmission of vibrations from the contact surface to the PVDF polymer. The
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structure of the sensor surface, the intrinsic flexibility of the sensing system, and its
wide frequency bandwidth (1 Hz–1 kHz) make it a suitable candidate as a functional
constituent of a flexible electronic skin for measuring dynamic contacts.

3.3 Readout Circuit

To acquire the sensor’s response, we utilized the embedded electronics developed and
validated in [27] (Fig. 3.1b)). It is composed of an ultra-low-power microcontroller
based on an ARM Cortex M0 (BL600 module, Laird Connectivity, US), a DDC232
(Texas Instrument, US) current-input analog-to-digital converter, and a USB data transfer
interface (i.e. FTDI232). The design can handle up to 32 sensors through two sockets
with 16 input channels. Each channel is connected to an offset circuit to adjust the
baseline of the bipolar signals generated by the sensors, which allows DDC232 to
receive both the positive and negative polarities of the sensor signals. The DDC232 is
configured to use 16-bit resolution and cover the maximum input charge response. In
this study, the embedded electronics was configured to simultaneously sample the 32
input channels at a sampling rate of up to 2 kHz. The electronics features data collection
and transmission through a USB connection.



38
Chapter 3 — Experimental Assessment of Tactile Sensing System in a Controlled

Environment

3.4 Experimental Setup and Data Collection
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Figure 3.2: Sketch of the experimental setup
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To collect experimental sensor data for hardness discrimination, 3D-printed objects
presented and used in [166] were utilized in this study. Five cubic objects (7 x 7 x 4
cm) were 3D printed with five different filling percentages (3, 5, 7, 10, and 12%) using
thermoplastic polyurethane (TPU). Figure 3.1c) shows the experimental setup used to
collect the experimental sensor data. A 3-axis cartesian robot was used to perform
repeated indentation actions on the 3D-printed objects while varying the indentation
speed and load. In this study, the z-axis was used to indent the hardness object. The
cartesian robot is composed of two moving parts: the main part is a thick aluminum
plate (plate 1) mounted on two parallel linear stages that were oriented vertically to form
the z-axis. The linear stage (i.e., the main part) is driven by a stepper motor and is
controlled by modulating the z-coordinates and indentation speed. A second aluminum
plate (plate2) was attached to a slider on the main part and hung through a spring as
shown in Figure 3.2.

A 700 mg weight was mounted on the second plate to modulate the load on the
surface of the skin patch gradually. The finger cap and embedded electronics were
mounted on a 3D finger-shaped support and then fixed to plate2 (Fig. 3.1). To measure
the load applied through the z-axis on the objects, the 3D objects were placed on a load
cell (Tedea Huntleih, Model 1042) mounted in line with the z-axis as shown in Fig.
3.2). In particular, the load cell was used to set the z-coordinates that result in different
indentation loads. The load cell response was processed and conditioned using a DAQ
(NI, US). Data acquisition, visualization, collection, and control of the Cartesian robot
were implemented using a graphical user interface (GUI) developed with NI LabVIEW
on a host PC.

In this study, indentation experiments were planned to perform human-like contact to
perceive the hardness of the objects in real-time while controlling the speed and load. To
this end, a programmable mechanical input was applied by programming the Cartesian
to indent the 3D objects using the sensorized finger while continuously measuring the
electrical response of the PVDF sensors and the reference load cell. The indentation
procedure consisted of the following three steps at a programmed Indentation Speed
(IS): Initial indentation (initial load: 8 N), increasing the load until reaching the Target
Loads (TL), decreasing the load to the initial load, and then releasing the finger gradually.
Figure 3.3 shows an example of the indentation sequence at two combinations of IS and
TL and the corresponding eight PVDF sensor outputs.
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Figure 3.3: Example of the tactile signal from the 8 sensors in response to the indentation
at (a) TL = 11 N; IS = 7.2 mm/s, (b) TL = 11 N; IS = 2.3 mm/s, (c) TL = 8.5 N; IS = 7.2
mm/s, (d) TL = 8.5 N; IS = 2.4 mm/s.
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Notably, the indentation stimulus measured by the load cell is not aligned with
the sequence programmed and applied by the cartesian robot. For example, a rapid
decrease is detected in the indentation stimulus around 3 seconds, this is identi-
fied as a spontaneous event due to the spring used to modulate the load gradu-
ally. The indentation procedure was repeated for 4 TL {8.5, 9.5, 10.5, 11} N at
3 IS {2.4, 5.6, and 7.2} (mm/s). Then repeated for each 3D-printed object, thus
generating a dataset composed of 60 combinations of objects, TL, and IS. Finally,
each combination was repeated for 10 trials. The dataset can be formulated as
D =

{︁
(𝑋𝑖, 𝑦𝑖) , 𝑋𝑖 ∈ R𝑁𝐶×𝑁𝑆 , 𝑦𝑖 ∈ { 𝑓 𝑖𝑣𝑒 ℎ𝑎𝑟𝑑𝑛𝑒𝑠𝑠𝑒𝑠} ; 𝑖 = 1, ..., 600

}︁
, where 𝑋𝑖 is

a 2D tensor with 𝑁𝐶 = 8 representing the number of channels (i.e., the sensors) and 𝑁𝑆
the number of samples that depends on the TL and IS as shown in Figure 3.3

3.5 Activity 1: Hardness Classification using one sensor

3.5.1 Methodology

To reduce the complexity of the proposed approaches, we consider selecting only the
most active sensors. For that reason, the energy along each sensor was computed for
each 𝑋𝑖 ∈ D to determine the most active sensor. As a result, a new dataset D̃ was
extracted from D, which can be formulated as D̃ =

{︁(︁
𝑋̃𝑖, 𝑦𝑖

)︁
, 𝑋̃𝑖 ∈ R1×𝑁𝑆 , 𝑦𝑖 ∈ {...}

}︁
.

Inspired by the work done in [161] and [167], five features were extracted for each
𝑋̃𝑖 ∈ D̃. Specifically, the set of features 𝑓 5 = {Standard Deviation (STD), Skewness
(SK), Kurtosis (KT), Peak-to-Peak (PP), STD of differences between adjacent samples
(SD)}. Consequently, each 𝑋̃𝑖 ∈ D̃ was transformed to 𝑋̃

𝑓 5
𝑖

∈ D̃ 𝑓 5, where D̃ 𝑓 5 =

{( 𝑋̃ 𝑓 5
𝑖
, 𝑦𝑖), 𝑋̃ 𝑓 5

𝑖
∈ R1×5, 𝑦𝑖 ∈ {...}}. The principal component analysis (PCA) technique

[168] was then applied on D̃ 𝑓 5 to determine the best representative feature, thus reducing
the dataset dimensions. Figure 3.4 shows the PCA biplot computed on D̃ 𝑓 5 to insight
the best combination of features. The length of the feature vectors and the angles
between the lines reflect the relevance and the correlation of the represented features
[169]. Hence, features were ranked by multiplying the biplot coordinate values of each
feature by the corresponding component explainability, ranking the extracted features
as follows {𝑆𝑇𝐷 → 𝑃𝑃 → 𝑆𝐷 → 𝑆𝐾 → 𝐾𝑇}. To study the impact of the number
of features (i.e., computation complexity), three subsets of features, 𝑓 2, 𝑓 3, and 𝑓 4,
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Figure 3.4: PCA Biplot of the extracted features in D̃ 𝑓 5. Blue lines represent the feature
vectors indicating the relevance of each feature

were selected from the list of the ranked features. The list subsets 𝑓 2, 𝑓 3, and 𝑓 4
represent the most two, three, and four relevant features respectively. As a result, from
each 𝑋̃ 𝑓 5

𝑖
∈ D̃ 𝑓 5, 𝑋̃ 𝑓 2

𝑖
, 𝑋̃ 𝑓 3

𝑖
, and 𝑋̃ 𝑓 4

𝑖
were extracted, with f2 = {STD, PP}, f3 = {STD,

PP, SD}, and f4 = {STD, PP, SD, SK}. Hence, three more datasets were generated, i.e.,
D̃ 𝑓 𝑗 = {( 𝑋̃ 𝑓 𝑗

𝑖
, 𝑦𝑖), 𝑋̃ 𝑓 𝑗

𝑖
∈ R1× 𝑗 , 𝑦𝑖 ∈ {...}} with 𝑗 = {2, 3, 4} indexing the subset of

features. The four datasets D̃ 𝑓 2, D̃ 𝑓 3, D̃ 𝑓 4 and D̃ 𝑓 5 were used to train and test the ML
algorithms described in the next section.

To demonstrate the impact of IS and TL on the discrimination capability of the
developed system, each of datasets D̃ 𝑓 2, and D̃ 𝑓 5 were divided into 12 sub-datasets
representing the combination between the IS and TL. As a result, each 𝑋̃ 𝑓 2

𝑖
∈ D̃ 𝑓 2 and

𝑋̃
𝑓 5
𝑖

∈ D̃ 𝑓 5, was transformed into 𝑋̃
𝑓 2
𝑖𝑐

∈ D̃ 𝑓 2
𝑐 and 𝑋̃

𝑓 5
𝑖𝑐

∈ D̃ 𝑓 5
𝑐 respectively. Where

D̃ 𝑓 2
𝑐 = {( 𝑋̃ 𝑓 2

𝑖𝑐
, 𝑦𝑖), 𝑋̃ 𝑓 2

𝑖𝑐
∈ R1×𝑘 , 𝑦𝑖 ∈ {...}; 𝑖 = 1, ..., 50}, D̃ 𝑓 5

𝑐 = {( 𝑋̃ 𝑓 5
𝑖𝑐
, 𝑦𝑖), 𝑋̃ 𝑓 5

𝑖𝑐
∈

R1×𝑐, 𝑦𝑖 ∈ {...}; 𝑖 = 1, . . . , 50} and c representing the IS and TL combinations {[𝑇𝐿 =

8.5, 𝐼𝑆 = 2.4], . . . , [𝑇𝐿 = 11, 𝐼𝑆 = 7.2]}. The 12 datasets D̃ 𝑓 2
𝑐 ( 𝑐 = {1, . . . , 12})

were also used to train and test the ML algorithms.
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3.5.2 Hardness discrimination algorithms

Three discrimination algorithms were evaluated as they met with significant success in
numerous real-world discrimination tasks [167, 161, 170]. The algorithms are a support
vector machine (SVM), a Single-layer Feed-Forward Neural Network (SLFNN), and a
K-nearest neighbor (KNN).

3.5.2.1 Support vector machine (SVM)

The SVM classifier is a supervised ML algorithm that computes the hyperplane that
maximizes the margin to the nearest samples of the classes. The Gaussian kernel was
employed to project the data into a new space.

3.5.2.2 Single-layer Feed-Forward Neural Network (SLFNN)

An SLFNN is a fully connected network with only one single hidden layer trained
through the gradient-descent backpropagation technique. The ReLU function was used
as an activation function for the hidden neurons, and an output layer comprised 5 neurons
to classify the 5 hardness classes.

3.5.2.3 K-Nearest Neighbor (KNN)

The class of a test sample is determined by taking the majority vote of class labels among
the K-closest training samples. The Euclidean distance was employed.

All the algorithms were trained and tested on 5 folds using a stratified cross-validation
technique applied to each dataset, where the stratification balances the number of samples
per class in each fold. Then, 4 out of 5 folds, in rotation, were used for training and the
remaining fold was used for the testing. The training set was subsequently divided into
training (80%) and validation (20%) sets. The validation set was employed to determine
the optimal configuration of hyperparameters. Specifically, for the SVM, this included
the standard deviation for the Gaussian kernel and the l2-regularizer parameter; for the
SLFNN, it encompassed the number of neurons in the hidden layer and the l2-regularizer
parameter; while for the KNN, optimization involved the K parameter.



44
Chapter 3 — Experimental Assessment of Tactile Sensing System in a Controlled

Environment

Table 3.1: Average discrimination accuracy (Acc) and standard deviation (SD) of the
ML algorithms over 5 Folds on the four datasets.

Acc ± SD (%)
Dataset SVM SLFNN KNN
D̃ 𝑓 2 82.2 ± 3 77.3 ± 6 80.7 ± 4
D̃ 𝑓 3 89.3 ± 2 86.3 ± 9 88.3 ± 1
D̃ 𝑓 4 91.8 ± 4 91.8 ± 8 92.3 ± 2
D̃ 𝑓 5 96.5 ± 2 96.2 ± 6 94.6 ± 1

Figure 3.5: Average discrimination accuracy of SVM algorithm when trained on datasets
with fixed IS and TL.

3.5.3 Results and Discussion

Table 3.1 summarizes the average discrimination accuracy for each ML algorithm over
four datasets (section 3.5). The three models exhibit an increase in discrimination
accuracy as a function of the number of features, thus highlighting the importance of the
extracted features. In general, The three ML algorithms performed similarly over the four
datasets, however, SLFNN possesses the lowest accuracy of 77.3 % when trained on the
smallest dataset D̃ 𝑓 2 (2 features out of 5). As expected, training the ML algorithm using
D̃ 𝑓 2 results in an increase of ≳ 10 % in the average discrimination accuracy for all the
algorithms. Therefore involving the SD features (D̃ 𝑓 3) in training the three algorithms
results in a ∼ 10 % increase in the accuracy confirming the outcome of the PCA biplot.
This is confirmed when adding less important features to the training dataset ( D̃ 𝑓 4), in
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which a lower increase in the accuracy was noticed for the three models (91.8 ± 4 % for
SVM and SLFNN and 92.3 ± 2 % for KNN). When trained on D̃ 𝑓 5, SLFNN and SVM
performed similarly and achieved the highest accuracies of (96.5 ± 2 %) and (96.2 ± 6
%) respectively. Similarly, KNN achieved a satisfactory accuracy (94.6 ± 1 %) when
trained on the same dataset, however with a lower standard deviation. It is important to
note that KNN and SVM have outperformed the SLFNN algorithm over the four datasets
in terms of the standard deviation thus showing a stable performance over the 5 folds
and generalization. As a result, SVM outperforms SLFNN and KNN for all the datasets
in which it exhibits the highest discrimination accuracy (96.5 ± 2 %) and low standard
deviation when trained on dataset D̃ 𝑓 5 which contains the features extracted from the
whole dataset (D̃) i.e, varying IS and TL. For that reason, the SVM algorithm was used
to demonstrate the impact of varying IS and TL on its discrimination behavior. Figure
3.5 illustrates discrimination behavior of the SVM algorithms when trained on D̃ 𝑓 2

𝑐 and
D̃ 𝑓 5
𝑐 datasets.

This study demonstrates the capability of the tactile sensing system to discriminate
five different levels of object hardness using feature extraction and ML algorithms.
Similar to the work done by [167], the proposed discrimination approach achieves
an optimal discrimination accuracy of ∼ 100% when trained on one of the datasets
characterized by fixed IS and TL (D̃ 𝑓 2

𝑐 ) and the response of a single sensor. Moreover,
the proposed approach achieved an accuracy of 96.5 ± 2 % using only 5 features extracted
from the response of a single sensor (16 sensors in [167]) and at variable IS and TL. The
SVM algorithm trained on the dataset D̃ 𝑓 5 achieved an accuracy higher than that in [169]
using the same algorithm. Compared to the discrimination approaches presented in [169]
and [161], the proposed approach employed PCA to rank the extracted features instead
of using it to extract features and train the ML algorithm. This results in a satisfactory
accuracy using only 2 features from a single sensor, thus reducing the complexity of the
proposed approach. So far, the available approaches haven’t considered speed and load
as key features for the discrimination problem. However, the current study proved that
varying these parameters influences the discrimination behavior of the proposed sensing
system. Another important aspect offered by the proposed approach is the scalability in
which its complexity remains acceptable when the system is scaled up in terms of input
matrix size and number of classes. In terms of generalization, the proposed approach
can be applied to solve new problems (e.g. texture) by fine-tuning or retraining the ML
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algorithms with new data. Thus, the system must be validated in more active scenarios
where daily-life objects are grasped at random loads and speeds.

3.6 Activity 2: Real-Time Simulation of Hardness Clas-
sification using All Sensors

3.6.1 Methodology

Figure 3.6: Block diagram for piezoelectric data processing

The objective of this study is to achieve hardness classification through a structured ma-
chine learning framework. Since human tactile perception relies on continuous sensory
feedback rather than batch processing, the proposed approach adopts an incremental
data-feeding strategy to the elaboration pipeline, mimicking human perception.

As illustrated in the block diagram in Figure 3.6, the data were first filtered and
segmented to generate new datasets, which were then processed in the “Features and
model selection” block. In this stage, the most relevant features were selected and
used to train different ML algorithms. The optimal combination of features and ML
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model was subsequently employed in the “Online classification” block. In a real-world
implementation, the filtered and segmented data can be continuously fed into this block
to classify different hardness levels in real time.

3.6.1.1 Signal filtering

A low-pass filter with a cutoff frequency of 30 Hz was applied to 𝑋𝑖 ∈ D to remove
high-frequency noise while preserving relevant tactile signal components, as described
in [171]. Moreover, the parts of the signals not related to the indentation action—
specifically, the portions before the touch onset and after the touch release in Figure 3.7
were removed. The resulting filtered data are denoted as ˆ︁𝑋𝑖 ∈ R𝑁𝐶×ˆ︂𝑁𝑆 in the following,
where ˆ︂𝑁𝑆 < 𝑁𝑆 due the removal of non-touch-related portions of the signal.

3.6.1.2 Segmentation

Figure 3.7: The figure shows the incremental segmentation method adapted to create
D𝑝 and D100
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The filtered signals were then divided into windows for the steps. In a real-time
implementation, the online classification block is continuously fed with incremental
windows to capture fine temporal variations while retaining information from previous
segments. Accordingly, each filtered signal ˆ︁𝑋𝑖 was segmented into a sequence of
windows𝑊1,𝑊2, . . . ,𝑊

ˆ︂𝑁𝑆 . The first window𝑊1 contains the initial 𝑛 < ˆ︂𝑁𝑆 samples of
𝑋̂𝑖, whereas𝑊2 include𝑊1 concatenated with an additional window of 𝑛 samples. The
rationale for the construction of the subsequent windows follows the same principle and
is illustrated in Figure 3.7.

Two segmentation strategies were employed:

1. Incremental fixed-size windowing. In this approach, an initial window of 𝑛 =

100 samples, denoted as 𝑊100
𝑖

, was selected. Subsequently, the window size
was incrementally increased (200, 300, and so on) until the entire signal was
encompassed. The dataset resulting from this segmentation strategy is defined as:

D100 =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
(︂
𝑊 𝑘
𝑖 , 𝑦𝑖

)︂ |︁|︁|︁|︁|︁|︁|︁
𝑊 𝑘
𝑖
∈ R𝑁𝐶×𝑘 ,

𝑦𝑖 ∈ {five classes};
𝑖 = 1, . . . , 𝑁

⎫⎪⎪⎪⎬⎪⎪⎪⎭ (3.1)

where 𝑘 represents the incremental window sizes, 𝑘 ∈ {100, 200, 300, ...,ˆ︂𝑁𝑆}.
Because indentation trials differ in duration due to variations in TL and IS values,
the number of windows per trial also varies: longer trials yield more windows,
whereas shorter ones produce fewer.

This segmentation strategy can be applied in real-world scenarios by implementing
a thresholding mechanism to detect touch onset and release, thereby triggering the
classification process only when relevant information is available.

2. Progressive percentage windowing. To investigate how the ML models behave
across different sections of the signal (e.g., around touch onset and touch release)
and how hardness-related information is distributed within them, the signals are
segmented into windows corresponding to specific percentages of ˆ︁𝑋𝑖. Specifically,
𝑊10 contains the first 10% of the signal,𝑊20 the 20%, and so forth.



3.6 – 3.6.2 Feature Extraction and Selection 49

This dataset is formulated as follows:

D𝑝 =

⎧⎪⎪⎪⎨⎪⎪⎪⎩(𝑊
𝑝

𝑖
, 𝑦𝑖)

|︁|︁|︁|︁|︁|︁|︁
𝑊
𝑝

𝑖
∈ R𝑁𝐶×𝑝,

𝑦𝑖 ∈ {five classes},
𝑖 = 1, . . . , 6000

⎫⎪⎪⎪⎬⎪⎪⎪⎭ (3.2)

where 𝑝 ∈ {10%, . . . , 100%}.

It is worth noting that this segmentation technique cannot be applied in real
scenarios where the signal length is not known a priori. It is employed solely for
comparison purposes with the incremental fixed-size windowing approach.

3.6.2 Feature Extraction and Selection

To reduce the number of features and retain those that best represent the tactile dynamics,
a feature extraction and selection pipeline is applied, as illustrated in Fig. 3.6. For each
windowed trial 𝑊 ∈ R𝑁𝐶×𝐿 , where 𝑁𝐶 = 8 is the number of sensing channels and 𝐿 is
the number of samples in the considered window, let 𝑤𝑐 [𝑡] denote the 𝑡-th sample of
channel 𝑐, with

𝑐 = 1, . . . , 𝑁𝐶 , 𝑡 = 1, . . . , 𝐿.

For each channel 𝑐, six time-domain descriptors are extracted. Let

𝜇𝑐 =
1
𝐿

𝐿∑︁
𝑡=1

𝑤𝑐 [𝑡]

denote the sample mean of channel 𝑐. The extracted features are then defined as follows:

Standard deviation

StD𝑐 =

⌜⃓⎷
1
𝐿

𝐿∑︁
𝑡=1

(︁
𝑤𝑐 [𝑡] − 𝜇𝑐

)︁2
.

This feature measures the dispersion of the signal around its mean and reflects the
variability of the tactile response within the considered window.
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Skewness

Skewness𝑐 =
1
𝐿

𝐿∑︁
𝑡=1

(︃
𝑤𝑐 [𝑡] − 𝜇𝑐

StD𝑐

)︃3
.

Skewness quantifies the asymmetry of the signal distribution with respect to its
mean.

Kurtosis

Kurtosis𝑐 =
1
𝐿

𝐿∑︁
𝑡=1

(︃
𝑤𝑐 [𝑡] − 𝜇𝑐

StD𝑐

)︃4
.

Kurtosis measures the peakedness of the signal distribution and is sensitive to
impulsive or sharply varying responses.

Maximum value
Maximum𝑐 = max

1≤𝑡≤𝐿
𝑤𝑐 [𝑡] .

This feature captures the largest signal amplitude observed in the window.

Minimum value
Minimum𝑐 = min

1≤𝑡≤𝐿
𝑤𝑐 [𝑡] .

This feature captures the smallest signal amplitude observed in the window.

Peak-to-peak amplitude

PtP𝑐 = Maximum𝑐 − Minimum𝑐 .

Peak-to-peak amplitude describes the dynamic range of the signal over the con-
sidered window.

The six-dimensional feature vector associated with channel 𝑐 is therefore defined as

𝝓𝑐 (𝑊) =
[︂
Skewness𝑐 Kurtosis𝑐 StD𝑐 PtP𝑐 Maximum𝑐 Minimum𝑐

]︂⊤
∈ R6.

The complete feature vector associated with the window 𝑊 is then obtained by
concatenating the descriptors extracted from all channels:

𝒛(𝑊) =
[︂
𝝓1(𝑊)⊤ 𝝓2(𝑊)⊤ · · · 𝝓𝑁𝐶

(𝑊)⊤
]︂⊤

∈ R6𝑁𝐶 .
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Since 𝑁𝐶 = 8, each window is represented by a 48-dimensional feature vector. These
descriptors were selected because they are low-cost to compute and can be updated
incrementally from local signal statistics, which makes them compatible with online or
memory-constrained implementations.

This dimensionality is subsequently reduced through three ranking and selection
strategies, as illustrated in the “Feature ranking and Selection” block in Fig. 3.6. The
first strategy is based on principal component analysis (PCA), while the other two rely
on recursive feature elimination (RFE) with different estimators.

3.6.2.1 PCA

PCA [172] is an unsupervised dimensionality reduction technique that transforms the
original correlated features into a new set of orthogonal components, known as principal
components (PCs). These components are linear combinations of the original variables
and are ordered according to the amount of variance they explain in the dataset. By
projecting the data into a lower-dimensional subspace defined by the first few components
(two or three), PCA helps identify the most influential features and visualize their
relationships through a biplot representation, where features with higher loadings are
considered more relevant.

Similar to the previous work reported in [173], PCA is used here as a feature-ranking
tool. Let ℓ 𝑗 ,1 and ℓ 𝑗 ,2 denote the loadings of feature 𝑗 on the first and second principal
components, respectively, and let 𝜂1 and 𝜂2 be the corresponding explained-variance
ratios. An importance score is assigned to each feature according to

𝑠 𝑗 = 𝜂1 |ℓ 𝑗 ,1 | + 𝜂2 |ℓ 𝑗 ,2 |.

Features are then ranked in descending order of 𝑠 𝑗 , and the first 10 elements of the
resulting ordered list define the PCA-based subset used for model training. In this way,
PCA provides an unsupervised criterion that emphasizes descriptors aligned with the
dominant directions of variance in the feature space.

For both segmentation strategies, the PCA-based ranking was recomputed indepen-
dently within each outer training fold, and the resulting top-10 subset was then applied
unchanged to the corresponding held-out fold.
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3.6.2.2 RFE

The RFE [174] is a supervised feature selection method that iteratively trains a model and
removes the least significant features to identify the most relevant subset. Starting from
the full feature set, an estimator is fitted to the data, feature importance is computed,
and the least important features are recursively discarded until a predefined number
remains. This process produces a ranked list reflecting each feature’s contribution
to the model’s predictive performance, thereby improving generalization and reducing
redundancy among correlated features.

In this study, RFE is implemented with two estimators, namely SVM and RF. Let

F = { 𝑓1, 𝑓2, . . . , 𝑓48}

denote the set of features extracted from a window. For a given estimator 𝑚 ∈
{SVM,RF}, RFE produces an ordered ranking

F (𝑚)
RFE =

(︁
𝑓𝜋 (𝑚) (1) , 𝑓𝜋 (𝑚) (2) , . . . , 𝑓𝜋 (𝑚) (48)

)︁
,

where 𝜋(𝑚) (·) is a permutation that orders the features from most to least relevant ac-
cording to estimator 𝑚. For the SVM-based configuration, feature relevance is derived
from the absolute magnitude of the model coefficients, whereas for the RF-based config-
uration it is obtained from impurity-based importance measures. In both cases, the first
10 elements of F (𝑚)

RFE define the subset used to train and tune the corresponding classifier.
Since RFE is not used with the SLFNN in this work, no RFE-based subset is defined for
that model.

Likewise, for both segmentation strategies, the RFE ranking was recomputed inde-
pendently within each outer training fold using the corresponding estimator, and the
resulting top-10 subset was transferred unchanged to the corresponding held-out fold.

3.6.3 Model Selection

As previously described, an incremental classification approach is adopted, where the
classifier receives progressively larger temporal segments of the signal. Therefore, the se-
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lected models must efficiently process incremental updates while remaining lightweight
and suitable for real-time or resource-constrained deployment.

Although recurrent neural networks, such as Long Short-Term Memory (LSTM)
models, are well suited for sequential data and can capture temporal dependencies,
their deployment on embedded systems is often impractical due to considerable compu-
tational and memory demands—particularly in online scenarios requiring low-latency
classification [175][176].

Conversely, one-dimensional convolutional neural networks (1D-CNNs) effectively
capture local temporal patterns within fixed-length windows of time-series data but are
less suited to the incremental classification paradigm. Standard 1D-CNNs require fixed-
length inputs, forcing shorter early windows to be padded, introducing artifacts or bias or
longer ones to be truncated or interpolated, thereby losing information [177]. Moreover,
CNNs process each window independently and lack an inherent mechanism to retain
knowledge from previous segments, which is critical in incremental learning where new
windows build upon past information. Although memory mechanisms such as hybrid
CNN–RNN architectures, temporal attention, or external buffers can be integrated, these
techniques increase architectural complexity and reduce interpretability.

For the aforementioned reasons, we adopt lighter models—SVM, RF, and
SLFNN—that better align with incremental update strategies and deployment con-
straints. These models enable efficient retraining or adaptation with minimal com-
putational cost and offer greater interpretability and robustness, particularly in settings
with limited datasets and structured feature representations.

3.6.3.1 Support Vector Machine (SVM)

Two kernel types are evaluated, linear and radial basis function (RBF)—to capture both
linear and nonlinear relationships. For the RBF kernel, the kernel coefficient 𝛾 is tested
using the scale and auto options available in the Python library scikit-learn, allowing
the kernel width to adapt to the feature distribution. A one-vs-one training strategy is
employed for multi-class classification.
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3.6.3.2 Random Forest (RF)

To optimize model performance, several hyperparameters are tuned. The number of
trees in the ensemble is tested at 100 and 200, while the maximum tree depth is fixed
at 5 to limit model complexity. The minimum number of samples required to split an
internal node is evaluated at 2 and 5, and the minimum number of samples required at a
leaf node is set to either 1 or 2.

3.6.3.3 Single Layer Feedforward Neural Network (SLFNN)

The SLFNN is a lightweight neural architecture composed of a single hidden layer with
nonlinear activation. During model tuning, the hidden layer size is tested with 50 and
100 neurons, while the activation function is fixed to ReLU to introduce nonlinearity.
The L2 regularization term is varied between 0.0001 and 0.001 to mitigate overfitting,
and two learning rate schedules—constant and adaptive—were compared to evaluate
their effects on convergence stability and speed.

3.6.3.4 Hyperparameter tuning and model selection protocol

For each of the two segmentation strategies, namely D𝑝 and D100, the same model-
selection protocol was applied. Five candidate pipelines were considered:

RFPCA, SLFNNPCA, SVMPCA, SVMRFE-SVM, RFRFE-RF.

Within each segmentation dataset, the same five stratified outer folds were used for all
candidate pipelines in order to ensure a fair comparison. Stratification was performed
over the combinations of hardness level, target load, and indentation speed, so that each
fold preserved the distribution of the experimental scenarios.

For each outer fold, the complete feature-ranking stage was recomputed using only
the corresponding training partition. In the PCA-based pipelines, the PCA ranking was
estimated exclusively on the training fold and the top 10 ranked features were retained.
In the RFE-based pipelines, the RFE ranking was likewise estimated exclusively on the
training fold using the corresponding estimator, and again the top 10 ranked features were
retained. The resulting selected subset was then applied unchanged to the corresponding
held-out fold.
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Within the training partition of each outer fold, hyperparameter tuning was performed
by grid search using a three-fold stratified inner cross-validation procedure. For every
candidate hyperparameter configuration, the model was trained and validated only on
the training portion of that fold, and the configuration achieving the highest mean inner
validation accuracy was selected. The selected configuration was then refitted on the
full outer-training partition and evaluated on the corresponding held-out fold. Repeating
this procedure over the five outer folds yielded both fold-wise accuracies and out-of-fold
predictions for each candidate pipeline.

For each segmentation strategy, the final ranking of the candidate pipelines was
based on the mean accuracy across the five outer folds. The corresponding out-of-fold
predictions were also retained in order to support the paired statistical analyses reported
later in the chapter [178, 179].

3.6.4 Online classification

The final evaluation phase was conducted to assess model performance under a realistic
testing setup that emulates online operation. The original dataset D was divided into two
disjoint subsets for training and testing. For each hardness level and each combination of
force and speed, ten trials were available; seven trials were allocated for training and the
remaining three for testing. The same windowing strategies described in Sec. 3.6.1.2
were independently applied to both the training and testing sets. To ensure a balanced
training set, a small number of windows were randomly removed from overrepresented
classes, ensuring that all hardness, target load, and indentation speed levels contained
an equal number of samples.

For each segmentation strategy, the best-performing pipeline identified during the
model-selection stage was subsequently retrained on the training portion of the original
dataset and evaluated on the corresponding held-out test trials. The train/test evaluation
was therefore kept strictly separate from the five-fold cross-validation procedure used
for model selection.

More specifically, for each segmentation dataset, the same feature-selection strategy
retained during model selection was fitted using only the training trials and then applied
unchanged to the test trials. The selected model, together with the hyperparameter
configuration trained during model selection, was then retrained on the training windows
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and evaluated on the held-out test windows. For each test trial, the model output was
stored together with the true label, enabling both quantitative and qualitative analysis of
the final selected classifier under previously unseen interactions [178, 179].

3.6.5 Statistical analysis

For this activity, formal inferential analysis was performed only on the fixed-step cumu-
lative windowing results, since the percentage-based windowing strategy was used only
for descriptive analysis of information emergence and not for the final model-selection
procedure. Five candidate pipelines were considered in the fixed-step setting: RF trained
on the top 10 PCA-ranked features, SLFNN trained on the top 10 PCA-ranked features,
SVM trained on the top 10 PCA-ranked features, SVM trained on 10 features selected
by RFE with a linear SVM estimator, and RF trained on 10 features selected by RFE
with a Random Forest estimator.

Given that model selection was based on five matched outer cross-validation folds,
the fold-wise accuracies of the five pipelines were first compared using the Friedman
test, which is a standard non-parametric choice for comparing more than two matched
classifiers across repeated evaluation blocks [180]. Since only five outer folds were
available, fold-level post-hoc testing was expected to have limited statistical power.
Therefore, to complement the fold-level analysis, the out-of-fold predictions produced
by the five pipelines on the same held-out samples were also compared at the sample
level. In this second analysis, Cochran’s 𝑄 test was used as an omnibus test for matched
binary outcomes, followed by pairwise McNemar tests with Holm correction for multiple
comparisons [181, 180, 182]. This complementary analysis was adopted in order to
support pairwise conclusions using the matched correctness outcomes available for
every sample.

For the operating-condition analysis, only the final selected pipeline was considered.
Since the selected model produced one prediction per window, whereas the experimental
conditions were defined at the original trial level, the window-level outputs belonging
to the same trial were first aggregated into a single trial-level decision. Specifically,
the confidence vectors of all windows belonging to the same trial were averaged, and
the final predicted class for that trial was assigned as the class with the highest mean
confidence. This probability-aware aggregation strategy is consistent with approaches
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used in segmented time-series classification when several fragments correspond to a
single higher-level sample [183]. After aggregation, trial-level correctness was analyzed
as a function of sequence, speed, and their interaction using a binomial generalized
linear model with likelihood-ratio tests [184]. Statistical significance was assessed at
𝑝 < 0.05, and multiple pairwise comparisons were corrected using the Holm procedure
whenever applicable.

3.7 Results

This section presents the experimental results obtained from the proposed tactile hardness
discrimination framework. The analyses include the outcomes of feature selection using
PCA and RFE, model training and performance comparison across multiple classifiers,
and the influence of experimental conditions on sensor responses. Subsequently, we
evaluate the system’s classification performance throughout the indentation sequence
and in real-time operation, demonstrating the robustness and generalization capability
of the proposed approach.

3.7.1 Feature subset definition and model selection

3.7.1.1 Feature subsets derived from PCA and RFE

As described in Section 3.6.2, six statistical features were extracted from each of the
eight channels of every windowed trial, yielding a 48-dimensional feature vector. The
two feature selection strategies, PCA-based ranking and RFE, were applied to both
segmentation datasets, i.e., D𝑝 and D100. In all configurations, the top 10 ranked
features were retained.

To compactly denote these subsets, we use the notation F𝑋−𝑌 , where 𝑋 ∈ {𝑝, 100}
indicates the dataset (𝑝 for D𝑝, 100 for D100) and 𝑌 ∈ {PCA,RFE-SVM,RFE-RF}
denotes the feature selection method. Feature labels in Table 3.2 follow the nota-
tion Feature 𝑗 , where Feature ∈ {Skewness,Kurtosis, StD, PtP,Maximum,Minimum}
denotes the descriptor type and 𝑗 ∈ {1, . . . , 8} denotes the sensor channel on which
that descriptor was computed. For example, Kurtosis6 denotes the kurtosis of channel
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Table 3.2: Selected 10-dimensional feature subsets obtained from PCA and RFE for the
percentage-based dataset D𝑝 and fixed-step dataset D100.

Subset Selected features

F𝑝-𝑃𝐶𝐴 Kurtosis_6, Kurtosis_4, Kurtosis_8, Kurtosis_2, Kurtosis_3, Kurtosis_7,
Skewness_6, Kurtosis_1, Skewness_4, Kurtosis_5

F100-𝑃𝐶𝐴 Kurtosis_6, Kurtosis_4, Kurtosis_8, Kurtosis_2, Kurtosis_3, Kurtosis_7,
Skewness_6, Kurtosis_1, Skewness_4, Kurtosis_5

F𝑝-𝑅𝐹𝐸-𝑆𝑉𝑀 Skewness_1, PtP_1, Minimum_1, Skewness_2, Skewness_3, Skewness_4,
Skewness_5, Kurtosis_5, Skewness_7, Skewness_8

F100-𝑅𝐹𝐸-𝑆𝑉𝑀 PtP_1, Minimum_1, PtP_2, PtP_4, Minimum_4, Maximum_4, PtP_6, Maxi-
mum_6, PtP_7, Maximum_7

F𝑝-𝑅𝐹𝐸-𝑅𝐹 Maximum_6, Skewness_8, Maximum_2, Minimum_1, StD_7, Maximum_7,
Skewness_2, StD_1, Maximum_4, StD_2

F100-𝑅𝐹𝐸-𝑅𝐹 Maximum_6, Skewness_8, Maximum_2, Minimum_1, StD_7, Maximum_7,
Skewness_2, StD_1, Maximum_4, StD_2

6, PtP1 the peak-to-peak amplitude of channel 1, and StD7 the standard deviation of
channel 7. The resulting 10-dimensional subsets are summarized in Table 3.2.

The feature names reported in Table 3.2 therefore correspond directly to the formally
defined descriptors introduced in Section 3.6.2.

Notably, the PCA-based analysis yields the same subset of features for both segmen-
tation schemes, suggesting that the principal sources of variance in the tactile data are
largely invariant to the chosen windowing strategy. In contrast, the RFE-based subsets
emphasize different combinations of features across channels, reflecting the estimator-
dependent interaction between features and decision boundaries.

3.7.1.2 Cross-validation performance and model selection

The three ML models, i.e., SVM, RF, and SLFNN, were trained and tuned using the
above feature subsets for both datasets. Model performance was assessed via five-fold
stratified cross-validation, jointly stratified over experimental conditions.
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Tables 3.3 and 3.4 summarize the mean accuracies and standard deviations ob-
tained on the percentage-based and fixed-step datasets, respectively. On D𝑝, SVM
and RF trained on RFE-selected features achieved accuracies of 91.62 ± 2.1% and
94.65 ± 2.8%, whereas their counterparts trained on PCA-ranked features performed
substantially worse, with accuracies of 75.97 ± 2.6% (SVM) and 77.68 ± 2.7% (RF).
In contrast, the SLFNN trained on the PCA-ranked subset F𝑝-𝑃𝐶𝐴 reached the highest
accuracy of 96.07 ± 1.2%.

A similar trend was observed for the fixed-step dataset D100 (Table 3.4). With
RFE-based features, SVM achieved 95.56 ± 1.04% accuracy and RF 93.15 ± 1.4%,
while their performance with PCA-ranked features dropped to 84.45 ± 2.2% (SVM)
and 80.95 ± 2.3% (RF). Again, the SLFNN trained on the PCA-based subset F100-𝑃𝐶𝐴

achieved the best performance, with a mean accuracy of 97.07 ± 1.8%.
These results reveal a clear pattern: RFE-based feature selection is beneficial for

RF and SVM, which rely on discarding redundant or weakly informative variables. In
contrast, the SLFNN, thanks to its nonlinear activation and capacity to model complex
feature interactions, consistently achieves the highest accuracy when trained on the PCA-
ranked subsets. Given its superior and stable performance across both segmentation
schemes, the SLFNN with PCA-ranked features was selected as the reference model for
the subsequent online classification.

Table 3.3: Performance comparison of RFE and PCA feature selection over percentage-
based dataset D𝑝. Values are mean accuracy ± standard deviation over five-fold cross-
validation.

Model Feature selection Accuracy (%)
SVM RFE 91.62 ± 2.1

Random Forest RFE 94.65 ± 2.8
SVM PCA 75.97 ± 2.6

Random Forest PCA 77.68 ± 2.7
SLFNN PCA 96.07 ± 1.2

To complement the descriptive cross-validation comparison reported above, formal
statistical analyses were carried out on the fixed-step cumulative windowing pipelines
used for model selection.

The inferential analysis (Table 3.5) confirmed that the observed differences among
the five fixed-step pipelines were not merely descriptive. At the fold level, the Friedman
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Table 3.4: Performance comparison of RFE and PCA feature selection over fixed-step
dataset D100. Values are mean accuracy ± standard deviation over five-fold cross-
validation.

Model Feature selection Accuracy (%)
SVM RFE 95.56 ± 1.04

Random Forest RFE 93.15 ± 1.4
SVM PCA 84.45 ± 2.2

Random Forest PCA 80.95 ± 2.3
SLFNN PCA 97.07 ± 1.8

Table 3.5: Summary of the statistical analyses performed for the five fixed-step pipelines
in Activity 2.

Analysis Test Comparison 𝑝-value Conclusion

Fold-level pipeline
comparison

Friedman test RF_PCA, SLFNN_PCA,
SVM_PCA,
SVM_RFE_SVM,
RF_RFE_RF

4.99 × 10−4 Significant overall differ-
ence among the five fixed-
step pipelines

Sample-level
pipeline com-
parison

Cochran’s 𝑄 Same five pipelines on matched
out-of-fold predictions

< 0.001 Significant overall dif-
ference among the five
pipelines

Post-hoc comparison McNemar +
Holm

SLFNN_PCA vs
SVM_RFE_SVM

1.62 × 10−2 SLFNN_PCA signif-
icantly outperformed
SVM_RFE_SVM

test revealed a significant overall pipeline effect (𝑝 = 4.99×10−4), indicating that the five
candidate pipelines did not perform equivalently. Since fold-level post-hoc comparisons
are conservative with only five outer folds, a complementary sample-level analysis was
also carried out using the matched out-of-fold predictions produced by all pipelines on
the same held-out samples. Cochran’s 𝑄 test was again highly significant (𝑝 < 0.001),
confirming a global difference among the candidate pipelines. Post-hoc pairwise McNe-
mar tests with Holm correction further showed that the best-performing configuration,
SLFNN_PCA, significantly outperformed the second-best pipeline, SVM_RFE_SVM
(𝑝Holm = 0.0162). These results provide formal statistical support for selecting the
SLFNN trained on PCA-ranked features as the reference Activity 2 model.
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3.7.1.3 Optimal SLFNN hyperparameters

After cross-validation, the optimal hyperparameters of the SLFNN were determined by
selecting the configuration yielding the highest mean accuracy among the five folds
for each dataset. For the percentage-based dataset D𝑝, the best-performing SLFNN
employed a single hidden layer with 100 neurons, a ReLU activation function, and an
L2 regularization coefficient (𝛼) of 0.001. The same network architecture was used
for the fixed-step dataset D100, where 𝛼 was slightly reduced to 0.0001 to improve
generalization.

These optimal configurations, together with the PCA-ranked feature subsets F𝑝-𝑃𝐶𝐴

andF100-𝑃𝐶𝐴, were adopted in the subsequent real-time testing phase, as they consistently
provided the best balance between accuracy, stability, and computational efficiency
across both segmentation schemes.

Taken together, these results identify the SLFNN trained on PCA-ranked features as
the most suitable model for subsequent analyses, offering a good compromise between
accuracy, stability, and implementation simplicity. In the following, we first examine
how the experimental factors, indentation speed and target load, shape the underlying
feature space, and then quantify how hardness discrimination performance evolves as a
function of the observed portion of the tactile signal.

3.7.2 Effect of Experimental Conditions

The performance of the piezoelectric sensor array is strongly modulated by the inden-
tation speed (IS) and target load (TL), which together shape the dynamic interaction
between the fingertip and the object. Figure 3.3 illustrates representative sensor outputs
under different combinations of IS and TL. In each subplot, the upper trace reports
the force profile, while the lower traces show the voltage responses of the eight PVDF
channels. At higher indentation speeds, the sensor signals exhibit more pronounced and
faster fluctuations, consistent with the behavior of the skin-like interface and the rapid
onset and release of contact. Conversely, variations in TL primarily affect the overall
response amplitude: larger loads lead to stronger charge generation in the piezoelectric
material and hence higher voltage excursions. These examples confirm that both speed
and load systematically alter the temporal and amplitude characteristics of the tactile
signals, justifying their controlled variation during data collection.(Section 3.4)
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Figure 3.8: This figure represents the PCA biplot of the data representation over all the
conditions and presented as in subplot (a) PCA over the whole data in (b) Indentation
speed 1 (c) Indentation speed 2 (d) Indentation speed 3 (e) Target load 1 (f) Target load
2 (g) Target load 3 (h) Target load 4

To quantify how these factors influence hardness separability in the feature space,
a PCA was performed on the Kurtosis_6, and Kurtosis_4 of F𝑝-𝑃𝐶𝐴. This data was
illustrated in Fig. 3.8. Subplot (a) considers all windows jointly and shows that the
five hardness classes form partially overlapping yet distinguishable clusters in the first
two principal components. The data was organized along an elongated manifold, with
hardness levels distributed along this structure rather than being linearly separable,
highlighting the need for nonlinear classifiers such as the SLFNN.

Subplots (b)–(d) isolate trials acquired at fixed indentation speeds, while preserving
the color-coding by hardness. At the lowest speed (Fig. 3.8(b)), hardness clusters are
compact but partially collapsed onto each other, indicating limited separability. As the
speed increases (Fig. 3.8(c)–(d)), the clusters progressively fan out along the principal
components, and the intra-class spread becomes more structured. This suggests that
higher indentation speeds enhance the discriminative content of the features, likely
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because faster interactions emphasize dynamic differences in the mechanical response
of objects with different hardness.

A similar trend is observed when the analysis is conditioned on target load
(Fig. 3.8(e)–(h)). For lower TL values, the clusters corresponding to different hardness
levels remain close and strongly overlapping, whereas at higher loads, the class-specific
clusters become more compact and better separated in the PCA plane. In particular,
the highest loads (Fig. 3.8(g)–(h)) yield well-structured clusters with limited overlap, in-
dicating that stronger finger–object interactions amplify hardness-dependent variations
captured by the piezoelectric sensors.

Overall, the PCA visualizations confirm that both IS and TL modulate the geometry
of the feature space: increasing the parameter tends to improve the separation between
hardness classes. This supports the experimental design, where multiple force and speed
conditions were deliberately explored to enrich the dataset and enable robust hardness
discrimination across a range of interaction scenarios.

Figure 3.9: Confusion Matrices for model behavior and accuracy over each window of
D𝑝
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3.7.3 Effect of percentage-based segmentation

To investigate how hardness information accumulates over the course of the indentation,
we first analyzed classification performance on the percentage-based dataset D𝑝, where
each window contains a fixed fraction of the filtered signal (10%, 20%, . . . , 100%). For
each percentage, a confusion matrix was computed over the test set, expressing for every
true hardness level (H1–H5) the percentage of windows assigned to each predicted class.
The resulting matrices are summarized in Fig. 3.9 for window percentages from 10% to
100%.

At 10% of the signal, the model already achieves reasonably high per-class accuracies,
with diagonal entries of 91.7% (H1), 79.2% (H2), 83.3% (H3), 79.2% (H4), and 83.3%
(H5), corresponding to a mean class accuracy of approximately 83.3%. Most errors
occur between adjacent or near-adjacent hardness levels. For instance, H2 is sometimes
misclassified as H1, H4, or H5, while H3 and H4 are occasionally confused with their
neighbouring classes. This pattern reflects the fact that, in the very early phase of
contact, only limited dynamic information is available, and the tactile signatures of
different hardness levels are still partially overlapping.

When 20% of the signal is considered, the class-specific accuracies increase markedly
to 91.7% (H1), 95.8% (H2), 100.0% (H3), 95.8% (H4), and 87.5% (H5), with a mean
of about 94.2%. At this stage, the confusion for H3 disappears completely, and H2 and
H4 are correctly classified in the vast majority of cases. Residual errors mainly involve
H1 being occasionally mistaken for H2 or H3, and H5 being confused with H2 or H4,
again consistent with local ambiguities between intermediate hardness levels.

From 30% onward, hardness discrimination becomes almost perfect. At 30%, the
diagonal entries reach 100.0% (H1), 100.0% (H2), 95.8% (H3), 95.8% (H4), and 100.0%
(H5), yielding a mean class accuracy of 98.3%. Only two small confusion terms remain:
a 4.2% misclassification of H3 as H1 and a 4.2% misclassification of H4 as H2. At
40% of the signal, the confusion matrix becomes perfectly diagonal, with 100% correct
classification for all five hardness levels. This behavior persists at 60% and 70%, where
all classes are again classified with 100% accuracy, indicating that once a sufficient
portion of the indentation has been observed, the feature representation extracted from
D𝑝 is fully discriminative for hardness.
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For intermediate percentages between 40% and 100%, the matrices remain very
close to the identity. At 50%, a small fraction (4.2%) of H1 windows is misclassified
as H4, leading to a mean class accuracy of 99.2%. At 80%, a single off-diagonal term
appears, with 4.2% of H4 windows assigned to H2 (mean accuracy 99.2%). At 90%,
minor confusions re-emerge: 4.2% of H1 windows are predicted as H2, 4.2% of H3
as H1, 4.2% of H4 as H2, and 4.2% of H5 as H4, resulting in a mean class accuracy
of 96.6%. Finally, at 100% of the signal, the diagonal remains high (100.0% for H1,
H2, and H4; 91.7% for H3; and 87.5% for H5), but a small number of H3 windows
are assigned to H1 (8.3%) and some H5 windows to H4 (12.5%), yielding a mean class
accuracy of 95.8%.

Two main conclusions emerge from this analysis. First, hardness discrimination
improves rapidly with the percentage of the signal: moving from 10% to 30% of the
indentation increases the mean class accuracy from approximately 83% to over 98%,
and from 40% to 70% the classifier achieves perfect separation of the five hardness
levels on D𝑝. This indicates that the most informative portion of the tactile interaction
is concentrated in the early-to-middle phase of the indentation, and that only a relatively
small fraction of the signal is needed to reach near-optimal performance. Second, the
small fluctuations observed at higher percentages (80–100%) suggest that the very late
part of the signal, which may include release dynamics and variability at the end of the
interaction, can introduce slight ambiguity for some classes (particularly H3 and H5).
Nonetheless, these effects remain limited, and overall hardness classification remains
highly accurate across all percentages once at least 20–30% of the indentation has been
observed.

3.7.4 Effect of fixed-step incremental segmentation

We next analyzed the behavior of the classifier on the fixed-step dataset D100, where
each window aggregates an increasing number of samples in steps of 100, starting from
contact onset. It is important to note that the notion of “percentage” in D100 differs from
that used for the percentage-based dataset D𝑝. In D𝑝, a window at 𝑝% contains exactly
𝑝% of the samples of the filtered signal, so the window length is explicitly defined
as a fraction of the trial duration. In contrast, D100 is constructed by cumulatively
aggregating fixed-size segments of 100 samples: the first window contains the first 100
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Figure 3.10: Confusion Matrices for model behavior and accuracy over each window of
D100

samples, the second window the first 200 samples, and so on, up to a trial-specific last
window index 𝐾𝑖. For the analysis in Fig. 3.10, the percentages (10%, 20%, . . . , 100%)
are computed per trial as a fraction of 𝐾𝑖, and the corresponding cumulative window is
selected (e.g., the 10% window is approximately ⌊0.1𝐾𝑖⌋). As a consequence, a 10%
window in D100 always corresponds to an early portion of the interaction, and a 100%
window to the entire interaction, but the exact number of samples per selected window
can vary across trials and scenarios (due to differences in indentation speed and target
load). The resulting confusion matrices was computed over the test set (Fig. 3.10). Each
matrix reports, for a given true hardness level (H1–H5), the percentage of windows
assigned to each predicted class.

At 10% of the available windows, the classifier already achieves high per-class
accuracies: 91.7% (H1), 94.4% (H2), 88.9% (H3), 88.9% (H4), and 94.4% (H5),
corresponding to a mean class accuracy of 91.7%. The residual errors are local and
mostly involve neighboring hardness levels. For example, 5.6% of H1 windows are
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misclassified as H2, 5.6% of H2 as H4, and 5.6% of H3 as either H2 or H4, while H4
is occasionally confused with H3 or H5 (both at 5.6%). These near-miss errors indicate
that, even at the very beginning of the incremental process, the fixed-size windows
already contain enough information to discriminate hardness reasonably well, although
some ambiguity remains between adjacent stiffness levels.

At 20%, the mean class accuracy drops to 86.1%, mainly due to a degradation in
H1 classification (72.2% correct). In this regime, 16.7% of H1 windows are assigned
to H3 and 8.3% to H2, while 13.9% of H3 windows are misclassified as H4 and 13.9%
of H4 windows as H2. These confusions suggest that, for some trials, the intermediate
portion of the indentation does not yet fully separate the elastic responses of soft and
medium-hard objects, and that transient dynamics can temporarily blur the distinction
between neighboring hardness levels.

From 30% onward, the overall performance stabilizes at a high level. At 30%, the
per-class accuracies are 91.7% (H1), 88.9% (H2), 94.4% (H3), 86.1% (H4), and 97.2%
(H5), with a mean accuracy of 91.7%. The confusion structure remains largely local,
with small fractions of H1 predicted as H2 or H3, H2 occasionally mapped to H4, and
H4 rarely misclassified as H1 or H2.

The best performance is achieved around 40–50% of the available windows. At
40%, the diagonal entries reach 100.0% (H1), 88.9% (H2), 97.2% (H3), 97.2% (H4),
and 97.2% (H5), yielding a mean class accuracy of 96.1%. Misclassifications are limited
to a small fraction of H2 windows assigned to H1 or H4, and isolated 2.8% confusions
between neighboring classes. At 50%, the mean accuracy remains comparably high
(95.5%), with 91.7% (H1), 94.4% (H2), and 97.2% for H3–H5. Here, the most fre-
quent residual errors involve H1 being classified as H4 (5.6%) and symmetric low-rate
confusions between H1 and H4, as well as between H3 and H2 or H5 and H4 (all at
2.8%).

For larger percentages (60–100%), the performance remains consistently high, with
mean class accuracies between 92.2% and 94.4%. Class H3 becomes almost perfectly
recognized, reaching 100% accuracy from 60% onward, indicating that the correspond-
ing tactile signatures are particularly robust once a sufficient portion of the incremental
signal has been accumulated. In contrast, most of the residual confusion concentrates on
the harder classes H4 and H5. At 70–90%, 11.1–13.9% of H4 windows are predicted as
H5, and 2.8–8.3% of H5 windows as H2 or H4. At 100%, the diagonal entries are 94.4%
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(H1), 91.7% (H2), 100.0% (H3), 88.9% (H4), and 91.7% (H5), with a mean accuracy
of 93.3%. The remaining errors are again localized and primarily involve confusion
between the hardest levels (H4, H5) and, to a lesser extent, between H2 and H5.

Overall, the fixed-step incremental windowing scheme yields consistently high hard-
ness classification accuracy across all percentages once the first few windows have been
observed. Unlike the percentage-based segmentation, where performance sharply tran-
sitions to near-perfect accuracy between 20% and 40%, the fixed-step scheme exhibits a
more gradual evolution: the model is already strong at 10%, shows a transient dip at 20%,
and then stabilizes above 90% mean accuracy from 30% onward. The residual errors are
dominated by near-miss confusions between adjacent hardness levels, especially among
the hardest classes, indicating that the SLFNN reliably captures the global structure of
the incremental tactile response while remaining sensitive to subtle similarities between
neighboring stiffness values.

3.7.5 Comparison between percentage-based and fixed-step seg-
mentation

Although the percentage indices reported for D𝑝 and D100 are defined differently, they
can be meaningfully compared in terms of the relative progression of the indentation.
In D𝑝, the window at 𝑝% contains exactly 𝑝% of the samples of the filtered signal, so
the time span covered by the window is explicitly proportional to the trial duration. In
D100, the windows are constructed cumulatively in fixed increments of 100 samples,
and the indices used to build the confusion matrices are obtained by selecting windows
at fixed fractions (10%, 20%, . . . , 100%) of the last cumulative window index of each
trial. Thus, while the number of samples in the selected window is not identical across
all trials in D100, the percentage still reflects an early, intermediate, or late stage of the
interaction for each trial.

From this perspective, the two segmentation schemes provide complementary views
on how hardness information accumulates over the course of the indentation. In the
percentage-based dataset D𝑝, classification performance improves very rapidly: the
mean class accuracy increases from about 83% at 10% to over 98% at 30%, and becomes
essentially perfect (100% mean accuracy) between 40% and 70%. This suggests that
a relatively small fraction of the signal, expressed as a percentage of the trial duration,
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is sufficient to fully separate the hardness classes when features are computed on fixed
relative portions of the indentation.

In the fixed-step dataset D100, the evolution of performance is more gradual but also
more robust across percentages. The classifier already achieves high accuracy at 10%
(about 92%), experiences a transient decrease at 20%, and then stabilizes above 90%
mean accuracy from 30% onward, with a maximum around 40–50%. Residual errors in
D100 are consistently dominated by near-miss confusions between neighboring hardness
levels, especially among the hardest classes (H4 and H5), indicating that the incremental
100-sample windows capture the global structure of the tactile response while being
slightly more sensitive to local variations in contact timing and release.

Taken together, these results show that, despite the different definitions of "percent-
age", both segmentation schemes reveal a coherent picture: hardness-discriminative
information emerges early in the indentation and progressively stabilizes as more of
the signal is accumulated. The percentage-based windows emphasize performance as a
function of the relative fraction of the signal, whereas the fixed-step incremental win-
dows emphasize performance as a function of discrete cumulative observations. In both
cases, reliable hardness classification is achieved well before the end of the interaction,
which is a desirable property for real-time deployment.

3.7.6 Robustness of the selected model across Target Loads and
Indentation Speed conditions

To further assess the robustness of the selected Activity 2 model under the operating
conditions used during data collection, the held-out test predictions were analyzed as a
function of sequence and indentation speed.

For this analysis, the window-level outputs of the selected SLFNN_PCA model
were aggregated into trial-level decisions by averaging the confidence vectors of all
windows belonging to the same original trial and assigning the final label as the class
with the highest mean confidence. This resulted in 11,869 window-level predictions
being summarized into 180 trial-level decisions, with an overall trial-level accuracy of
97.78%. Descriptively, the trial-level accuracies remained very high across all sequence
and speed levels. Sequence levels 1 and 2 achieved 95.56%, whereas sequence levels 3
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Table 3.6: Trial-level performance of the selected Activity 2 model (SLFNN_PCA)
across sequence and speed conditions after aggregation of window-level predictions by
mean confidence.

Factor Level Accuracy (%)

Sequence 1 95.56
Sequence 2 95.56
Sequence 3 100.00
Sequence 4 100.00

Speed 150 98.33
Speed 300 96.67
Speed 450 98.33

and 4 reached 100%. For speed, the trial-level accuracies were 98.33% at 150, 96.67%
at 300, and 98.33% at 450.

To determine whether these descriptive variations corresponded to statistically mean-
ingful condition effects, a binomial generalized linear model with likelihood-ratio tests
was applied. The analysis did not reveal a statistically significant main effect of target
loads (𝑝 = 0.1307), indentation speeds (𝑝 = 0.7856), or their interaction (𝑝 = 0.8285)
on trial-level correctness. Therefore, although small descriptive differences can be
observed across operating conditions, no statistically significant evidence of condition-
dependent degradation was found. These results support the robustness of the selected
SLFNN_PCA pipeline under the tested sequence and speed settings.

3.7.7 Analysis of probabilistic outputs

To complement the window-level accuracy and confusion matrices reported in the pre-
vious sections, we further analyzed the probability vectors produced by the SLFNN
classifier on D100. Rather than considering only the most probable class, this analysis
exploits the full distribution over the five hardness levels (H1–H5). It focuses on four
aspects: (i) Top-𝑘 accuracy and “near-miss” behavior, (ii) calibration of the predicted
probabilities, (iii) distribution of confidence across hardness classes, and (iv) rank of
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the true class among the model’s probabilistic outputs for misclassified windows. All
results in this section are computed over 11,869 windows in the test set.

3.7.7.1 Top-𝑘 accuracy and near-miss behavior

Figure 3.11: Top-𝑘 accuracy of the SLFNN classifier on the fixed-size window dataset.

Figure 3.11 reports the Top-𝑘 accuracy of the classifier computed over all test win-
dows. For each window, the model outputs a probability distribution over the five
hardness classes. These probabilities are sorted in descending order, and a prediction is
counted as correct under the Top-𝑘 criterion if the ground-truth class appears among the
𝑘 most probable outputs.

The model achieves a Top-1 accuracy of 94.6%, corresponding to the standard notion
of accuracy when only the most probable class is considered. When Top-2 is used, the
accuracy increases to 98.2%, and further to 99.0% for Top-3. These results indicate
that, even when the Top-1 prediction is wrong, the correct hardness level often appears
among the most probable alternatives.

To better characterize these “near-miss” cases, we examined only the misclassified
windows, i.e., those failing the Top-1 criterion (𝑁 = 638). For each such window,
we computed the rank of the true class within the sorted probability vector (rank 1
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corresponds to the chosen class, rank 2 to the second-highest probability, and so on). The
distribution of these ranks is shown in Fig. 3.14. Out of the 638 misclassified windows,
the true class appears as the second most probable class in 425 cases, corresponding to
66.6% of all misclassifications. The true class is ranked third in 91 cases (14.3%), fourth
in 62 cases (9.7%), and fifth in 60 cases (9.4%).

This distribution confirms that the majority of errors correspond to near-miss events:
in roughly two-thirds of misclassified windows the classifier assigns the highest prob-
ability to an incorrect hardness level but still places the true class immediately second
in its preference ordering. Only a small fraction of errors (< 20% in total) involve the
true class being relegated to the bottom of the ranking (ranks 4 or 5). From an appli-
cation perspective, this behavior is desirable, as it suggests that a Top-2 decision rule, a
confidence-based rejection strategy, or a downstream fusion mechanism could recover a
large portion of nominal Top-1 errors by exploiting the information contained in the full
probability vector.

3.7.7.2 Calibration of predicted probabilities

While accuracy quantifies how often the predicted class is correct, probability calibra-
tion assesses how well the predicted confidence values reflect the true likelihood of
correctness. To evaluate calibration, we constructed a reliability diagram (Fig. 3.12).
For each window, we considered the maximum predicted probability (i.e., the confi-
dence assigned to the chosen class) and grouped windows into confidence bins (0.3–0.4,
0.4–0.5, . . . , 0.9–1.0). Within each bin, we computed the mean predicted confidence
and the empirical accuracy (fraction of correct predictions).

The resulting curve lies close to the identity line, indicating that the model is reason-
ably well calibrated. For low-confidence predictions (0.3–0.4), the mean confidence is
36.8% while the observed accuracy is 26.3% (𝑁 = 19 windows), reflecting substantial
uncertainty as expected. As confidence increases, accuracy also improves: in the 0.8–0.9
bin, the model reports an average confidence of 85.6%, with an empirical accuracy of
77.5% (𝑁 = 298). The majority of windows (92.6%) fall into the highest confidence
bin (0.9–1.0), where the mean confidence is 99.6%, and the accuracy reaches 97.1%
(𝑁 = 10 995).
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Figure 3.12: Reliability diagram of the SLFNN classifier.

Overall, the model exhibits mild overconfidence with an expected calibration error
of approximately 2.9 percentage points; that is, on average the predicted confidence
slightly exceeds the true accuracy. Nevertheless, the monotonic relationship between
confidence and accuracy demonstrates that the predicted probabilities are informative:
higher confidence reliably indicates a higher probability of correct classification. In an
online deployment, these properties could be exploited to define confidence thresholds
for triggering “uncertain” decisions, requesting additional information, or adapting the
control strategy of the prosthetic device.
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3.7.7.3 Per-class confidence profiles

Figure 3.13: Mean confidence assigned to the true hardness class for each hardness level
(H1–H5), with error bars representing the standard deviation across windows.

To investigate how the model’s confidence depends on the hardness level, we analyzed
the probability assigned to the true class for each window and aggregated these values per
hardness class (H1–H5). For every window, we extracted the probability associated with
the ground-truth class, expressed it as a percentage, and computed summary statistics
across all windows belonging to the same hardness level. Figure 3.13 shows the mean
confidence and standard deviation for each class.

The model assigns consistently high confidence to the true class across all hardness
levels, with mean values of 95.2% for H1, 91.3% for H2, 96.2% for H3, 87.8% for H4,
and 97.6% for H5. The highest confidence is observed for the extreme hardness levels
(H1 and H5), whereas intermediate levels (H2 and H4) exhibit lower mean confidence
and larger variability (standard deviations of approximately 25–29 percentage points).

These confidence profiles are consistent with the per-class accuracies derived from
the confusion matrix: 96.1% (H1), 92.2% (H2), 97.1% (H3), 89.0% (H4), and 98.2%
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(H5). Thus, the classifier is both more accurate and more confident for very soft and very
hard objects, while intermediate hardness levels are intrinsically more ambiguous for
the model. From a tactile perception standpoint, this behavior is plausible: mid-range
stiffness values are closer to each other in terms of mechanical response and therefore
more prone to overlap in the sensor space. In line with this, when separating windows
by correctness, the mean probability assigned to the true class is approximately 98.4%
for correctly classified windows and only 12.2% for misclassified ones, confirming that
low confidence on the true class strongly correlates with errors.

3.7.7.4 Rank of the true class among misclassified predictions

Figure 3.14: Distribution of the rank of the true hardness class among the model’s
predicted probabilities for misclassified windows.

Finally, we examined in more detail the position of the true class within the model’s
probability ranking for misclassified windows. For each misclassified window, we
sorted the class probabilities in descending order and recorded the rank of the true
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hardness class. The corresponding distribution is reported in Fig. 3.14 and numerically
summarized in Sec. 3.7.7.1.

Out of 638 misclassified windows, the true class appears as the second most probable
class in 425 cases (66.6%), as the third most probable class in 91 cases (14.3%), and as
the fourth and fifth most probable classes in 62 (9.7%) and 60 (9.4%) cases, respectively.
Only a small fraction of errors therefore, correspond to situations where the model
assigns very low probability to the true hardness level. This behaviour supports the view
that most misclassifications are localized confusions between neighbouring hardness
levels, rather than random or inconsistent errors.

3.7.7.5 Summary of probabilistic behaviour

Taken together, these probabilistic analyses show that the SLFNN provides not only high
Top-1 accuracy, but also meaningful and interpretable confidence estimates. The Top-𝑘
accuracy and rank distributions reveal that most errors are near misses in which the true
hardness level remains among the highest-ranked alternatives. The calibration analysis
indicates that the predicted probabilities are reasonably well aligned with empirical accu-
racy, especially in the high-confidence regime that dominates the online operation, albeit
with a slight tendency toward overconfidence. Finally, the per-class confidence profiles
highlight that very soft and very hard objects are recognized with higher confidence and
accuracy than intermediate stiffness levels, which are intrinsically more ambiguous from
a tactile sensing perspective. These properties suggest that the probabilistic outputs of
the classifier can be reliably exploited to implement confidence-aware decision strategies
and to quantify uncertainty in real-time hardness discrimination.

3.8 Discussion

This activity investigated whether high-accuracy hardness recognition can be achieved
in a way that is consistent with incremental tactile perception, i.e., by making reliable
decisions before the indentation is fully completed, and under interaction variability
induced by target load (TL) and indentation speed (IS). The results support three main
technical insights. First, although 48 per-window features were extracted (six statistics
per channel across eight sensors), the model-selection results show that the best perfor-
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mance was obtained with a compact 10-feature subset and a lightweight classifier, i.e.,
an SLFNN trained on PCA-ranked features, reaching high cross-validated accuracy on
both segmentation schemes. Moreover, that ranking was further supported by formal
statistical analysis on the fixed-step pipelines, which confirmed a significant overall dif-
ference among the candidate configurations and identified the SLFNN_PCA pipeline as
the best-performing solution. This is practically important because compact feature sets
reduce latency and improve stability in online pipelines, while still capturing interaction-
relevant dynamics (here, mainly higher-order statistics such as kurtosis and skewness
across specific channels). The behavior of PCA vs. RFE across models is also consistent
with what is expected from the learning bias of the estimators: wrapper methods such
as RFE are often advantageous for margin-based or tree-based models because they
directly optimize discrimination under the estimator’s inductive assumptions, whereas
the SLFNN can exploit nonlinear interactions among the PCA-ranked variables even
when the ranking itself is variance-driven rather than label-driven [174, 168]. Second,
the segmentation analysis directly answers the “how early can we decide?” question:
with percentage-based windows, accuracy rises sharply and becomes essentially perfect
over a mid-portion of the signal (typically after observing only a fraction of the interac-
tion), while the fixed-step incremental windows produce a more gradual but consistently
strong performance curve and, crucially, correspond to a segmentation mechanism that
is implementable online because it does not require knowing the final signal length in
advance. Together, these two views indicate that hardness-discriminative information
concentrates early-to-mid indentation, and that incremental accumulation in discrete
steps (here, 100-sample cumulative windows) is a robust strategy for real-time opera-
tion. This “early decision” capability is a central novelty relative to a large body of
tactile hardness work that evaluates classification on complete interactions and/or under
more constrained motion policies, including robotic-gripper studies that focus on global
accuracy or resource trade-offs without explicitly characterizing decision timing as a
function of observed signal fraction [166, 161, 185, 95, 28]. Third, beyond Top-1 ac-
curacy, the probabilistic-output analysis adds an additional layer of deployability: most
errors are near misses (true class often ranked second), confidence monotonically tracks
correctness, and calibration is reasonably good with only mild overconfidence. This mat-
ters because calibrated (or calibratable) posteriors enable confidence-aware controllers
(e.g., delaying a control action until confidence exceeds a threshold, or fusing Top-2
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hypotheses with other sensory cues), which is increasingly recognized as a practical
requirement when learned tactile perception is integrated into real robot or prosthesis
pipelines [186, 28]. Compared with prior work on the same TPU object family im-
plemented on embedded platforms [166], our emphasis is not hardware benchmarking
(since this chapter’s pipeline runs on a PC), but rather the algorithmic characterization
that is directly actionable for future embedded deployment: (i) incremental windowing
that supports early decisions, (ii) compact features computable online without storing
full histories, and (iii) interpretable probabilistic outputs that expose uncertainty. At
the same time, the present study remains limited to controlled indentation trajecto-
ries; extending these results to less constrained interactions (variable contact geometry,
incidental slip, non repeatable trajectories) requires validation under more ecological
conditions. This limitation directly motivates the next step of the thesis (Chapter 4),
where hardness discrimination is moved from the controlled Cartesian robot to a less
controlled prosthetic-hand setting, so that the algorithmic insights established here (ro-
bustness to TL/IS variability, early-decision behavior, and confidence structure) can be
tested under realistic grasp dynamics.

3.9 Conclusions

This chapter presented a PVDF-based biomimetic tactile sensing system integrated into
a silicone finger cap and combined it with machine-learning pipelines to discriminate
five discrete hardness levels of 3D-printed TPU objects under controlled, repeatable in-
dentation while varying target load and indentation speed. In Activity 1, we established
a low-complexity baseline by selecting the most active channel, extracting a small set of
statistical descriptors, and showing that conventional classifiers (SVM/SLFNN/KNN)
can achieve high accuracy even with very compact representations; in particular, strong
performance was obtained using only a handful of features from a single sensor, and
near-perfect performance was possible when operating conditions were fixed at fa-
vorable TL/IS points [173]. This first activity therefore quantified the attainable accu-
racy–complexity trade-off when the sensing problem is simplified to a single informative
channel.

Activity 2 then moved from offline, trial-level evaluation to an incremental perception
setting that better matches how tactile information becomes available in practice. By
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filtering and segmenting each interaction into progressively increasing windows, extract-
ing features that can be computed online, and systematically comparing feature-selection
strategies and lightweight classifiers, we demonstrated that reliable hardness recogni-
tion can be achieved before the indentation is completed. Across the two windowing
strategies, hardness-discriminative information emerged early-to-mid interaction, and
the fixed-step cumulative segmentation provided an online-feasible mechanism with
consistently high accuracy. Finally, probabilistic-output analyses (Top-𝑘 , rank distri-
bution, and calibration) showed that the classifier’s confidence is informative and that
most errors are near-miss confusions between neighboring hardness levels, enabling
future confidence-aware decision policies [186]. Overall, the chapter contributes both
(i) empirical evidence that PVDF-based tactile sensing can remain accurate under TL/IS
variability, and (ii) an incremental classification framework that exposes when and how
hardness information accumulates over time, offering practical design guidance for real-
time control loops.

Importantly, while the Cartesian robot provides the controlled setting required to
isolate the role of load and speed, real manipulation involves fewer repeatable contacts
and coupled hand dynamics. For this reason, the next chapter extends the hardness-
discrimination objective to a prosthetic-hand platform (Hannes) in a less controlled
environment, utilizing the methodological foundation developed here, which includes
compact online features, incremental decision-making, and uncertainty characterization
as a bridge between controlled bench-top validation and realistic grasping scenarios.





CHAPTER 4
Real-Time Hardness Classification

Using Hannes hand and Piezoelectric
Sensors

4.1 Introduction

In human manipulation, cutaneous mechanoreceptors provide high-bandwidth informa-
tion about contact onset, pressure evolution, micro-vibrations, and local deformation; this
information supports both reactive control (e.g., regulating grip force, preventing slip)
and perceptual inference (e.g., judging compliance/hardness, texture, and contact qual-
ity). Replicating these capabilities in artificial hands has therefore been a central theme
in tactile robotics and dexterous manipulation research, motivating the development of
tactile skins and fingertip sensors, as well as learning-based perception pipelines that
map tactile signals to object properties and manipulation-relevant states [187, ?, 188].

Modern myoelectric prosthetic hands have reached a level of mechanical sophisti-
cation that enables stable grasps and human-like motion, yet their interaction with the
environment remains fundamentally limited by the lack of rich, fast, and robust tactile per-
ception at the fingertips. In human manipulation, cutaneous mechanoreceptors provide
high-bandwidth information about contact onset, pressure evolution, micro-vibrations,
and local deformation, while also conveying material-related cues that humans routinely
exploit during manipulation (e.g., compliance and softness); this information supports
both reactive control (e.g., regulating grip force, preventing slip) and perceptual infer-
ence (e.g., judging compliance/hardness, texture, and contact quality). In prosthetic use,
this missing channel increases reliance on vision, reduces robustness under natural vari-
ability, and limits the user’s ability to develop intuitive, low-effort strategies for object
interaction [189, 190, 122]. From this perspective, enabling a prosthetic hand to extract
interaction-relevant tactile descriptors is not merely a sensing add-on: it is a prerequisite
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for closing the loop toward practical assistance, whether through improved autonomous
grasp regulation, shared control, or sensory feedback to the user.

Recent progress in tactile sensing and electronic skin has made this goal technically
plausible, with demonstrations of high-density, flexible, and multimodal sensing archi-
tectures that can be integrated on anthropomorphic platforms [55, 191]. At the same
time, the robotics and haptics communities have developed an extensive body of work on
extracting object properties from tactile data, including approaches based on engineered
descriptors as well as learning-based representations [28, 192]. However, a persis-
tent challenge for prosthetic translation is that material-property inference is strongly
affected by how contact occurs: variations in loading level, contact duration, and inter-
action speed alter both the amplitude and the temporal structure of tactile signals. As
a result, models trained in tightly controlled conditions may degrade in performance
when deployed under realistic grasp dynamics, where the same object can be contacted
under multiple closing levels and multiple actuation speeds. This gap is particularly
relevant for hardness/compliance discrimination, which is inherently confounded by the
interaction trajectory and not only by the material itself [28, 189].

Motivated by this need to move hardness perception from controlled benchtop con-
ditions toward prosthetic operation, this chapter extends the tactile-sensing activity of
Chapter 3 to a less controlled yet application-relevant setting using the Hannes prosthetic
hand. The focus is not on proposing a new neural network architecture per se, but on
establishing a complete pipeline—sensorization, dataset design under realistic variabil-
ity, offline model selection under latency constraints, and online deployment logic—that
can support real-time hardness inference as a building block for future prosthetic func-
tionalities. Concretely, we integrate a P(VDF-TrFE) piezoelectric tactile patch on the
index-finger glove of Hannes and build a dataset that explicitly spans variability in grasp
execution by combining five TPU objects of distinct infill percentages (hardness lev-
els), three target closed positions (TCP) reflecting different squeezing levels, and four
grasping frequencies (GF) reflecting different closing/opening speeds. We then study
how temporal segmentation affects the accuracy–latency trade-off by training and com-
paring classical feature-based models against an end-to-end 1D-CNN across multiple
non-overlapping window lengths. Beyond aggregate accuracy, we analyze scenario-wise
performance across TCP–GF conditions and inspect the probabilistic outputs of the CNN
through Top-𝑘 behavior and confidence calibration, which motivates confidence-aware



4.2 – Introduction 83

Figure 4.1: Piezoelectric sensing on the Hannes hand prosthesis: A) Tactile sensing
patch, B) Fully integrated sensorized glove, C) Hannes hand with D) the sensorized
glove.

decision rules for deployment [186]. Finally, we deploy the selected model in a real-time
event-triggered pipeline on the prosthetic setup and quantify event-level accuracy to-
gether with the latency to correct high-confidence evidence, thereby validating whether
offline performance transfers to online grasp events under natural variability.

This chapter is organized as follows. Section 4.2 describes the tactile sensing
integration on the Hannes hand and the experimental setup used to generate a dataset
under controlled variations of TCP and GF. The signal preprocessing, segmentation,
feature extraction, model training protocol, and the real-time event-based pipeline are
detailed in the Methods section number 4.3, with the deployed pipeline summarized in
Section 4.3.5. Section 4.4 reports the offline model comparison across window lengths,
the scenario-wise analysis, the probabilistic reliability results, and the online grasp
evaluation. We then discuss how these findings relate to the state of the art in tactile
property inference and prosthetic deployment in Section 4.5, and conclude in Section
4.6 by outlining limitations and directions toward using hardness estimates as a practical
variable for prosthetic control and sensory feedback.
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4.2 Materials

Following the developed activity in chapter 3, and to integrate the sensors in a real
life scenario, a less controlled environment was developed to test the capabilities of
the sensor in such environment. For that reason in this section we first present the
sensorization of the Hannes hand using P(VDF-TrFE) piezoelectric sensors. Following,
we present the object selection thought which we preliminary tested our setup. Finally,
we describe the experimental setup and data collection.

4.2.1 Tactile Sensing integrated within hand glove

This study involved the two main functional blocks. The first one is represented by the
piezoelectric sensing arrays integrated within the thumb, index, and middle fingertips’
hand gloves, and the interface electronics (IE) to collect the voltage of the sensors.
Sensorization of the index finger only was used for this experiment. The second block
represents the host PC through which two GUI run in parallel: the first one is the
HannesApp, used to control and collect the data of the hand, and the second one, a
LabView GUI, used to log and analyze the data of the IE.

4.2.1.1 Sensing System: Overview

The proposed sensor technology was previously used in robotic applications [167][193].
Each sensing patch consists of 8 sensing units of 1 mm diameter each and 0.6 cm center-
to-center pitch. What characterizes these sensors the most is their frequency bandwidth
which ranges from 0.5 Hz to 1 KHz. The voltage output of the sensors is processed
using an interface electronics (IE) equipped with an ARM Cortex M0 microcontroller
and a DDC232 analog-to-digital converter, with a 2K samples/sec as a sampling rate.
As a consequence, it was decided to integrate the sensing arrays on the Hannes hand to
collect their response for targeting a real-use prosthetic application toward objects grasp.
For this purpose, piezoelectric sensing patches were integrated, but only the one on the
index finger was used in this experiment.
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Figure 4.2: Experimental setup presenting the sensorized hand prosthesis and GUIs

4.2.1.2 Preparation of the sensing system on the prosthesis

We used the Hannes hand [33][194] because of its intrinsic human-like biomimetic
performances and capabilities. Therefore, improving these hand functionalities could
play a key role. A new integration strategy, distinct from the one previously reported in
[40], was developed for the Hannes prosthetic hand. The sensing arrays were shielded
and protected using the same materials and methods explained in section 3.2 where each
sensing array was covered on both sides with conductive tape (Model tesa 60262, tesa) to
reduce the sensitivity of the sensors against the noise, and external charges. The resulting
structure was then sandwiched between the two elastic gloves of the Hannes hand using
silicone rubber adhesive (Sil Proxy) (see Figure 4.1 B). As a result, removable sensors
were obtained as illustrated in Figure 4.1 D). The IE presented in section 3.3 was also
used in this system, and it was placed in a shielded box as shown in figure 4.2.

4.2.2 Experimental Setup and Data Collection

To collect experimental sensor data for hardness discrimination, 3D-printed objects
presented and used in [166] were utilized in this study. Three cubic objects (7 x 7
x 4 cm), and two cylinder objects with a diameter of 4 cm and a height of 7 cm
were 3D printed with five different filling percentages (3, 5, 7, 10, and 12%) using
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thermoplastic polyurethane (TPU). Figure 4.2 shows the experimental setup used to
collect the experimental sensor data. Hannes prosthetic hand was used to perform
repeated grasp actions on the 3D-printed objects while varying the grasping frequency
and closed hand position. To do the data collection the prosthetic hand and the grasped
object were fixed to ensure a consistent grasp, for that reason, a test bench was developed.
The ad-hoc test bench was developed (Figure 4.2) composed of movable parallel arms
and a two-cuff system acting as a holder to fix the objects in between. Hannes hand was
fixed at the base of the test bench, in such way the thumb, index, and middle fingers had an
impact on the objects when grasping. Hannes was connected to the PC through a CAN-
USB adapter and controlled through HannesApp, which also allowed data acquisition
(current consumption of the DC motor and the related encoder position). For the sensing
side, the tactile sensors signals were collected through the IE which interfaced to the
host PC through USB connection, then acquired and visualized through a graphical
user interface (GUI) developed in NI LabVIEW on the host PC. In this study, grasping
experiments were planned to perform human-like grasps to perceive the hardness of the
objects in real-time while controlling the frequency of the grasp and the closing on the
objects. To this end, a programmable mechanical input was applied by programming
the hand to grasp the 3D objects using the sensorized fingertip of the index, while
continuously measuring the electrical response of the PVDF sensors. The grasping
procedure consisted of the following three steps at a programmed Grasping Frequency
(GF): Open hand position, closing the hand until reaching the Target Closed Position
(TCP), decreasing the load to the initial load, and then returning to the initial open
position.

The grasping procedure was repeated for 3 TCP {1=75, 2=85, and 3=95} (%) at
4 GF {0.2, 0.3, 0.4, and 0.5} (Hz). Then repeated for each 3D-printed object, thus
generating a dataset composed of 60 combinations of objects, TCP, and GF. Finally,
each combination was repeated for 30 trials. The dataset can be formulated as

D =

⎧⎪⎪⎪⎨⎪⎪⎪⎩(𝑋𝑖, 𝑦𝑖)
|︁|︁|︁|︁|︁|︁|︁
𝑋𝑖 ∈ R𝑁𝐶×𝑁𝑆 ,

𝑦𝑖 ∈ {five classes},
𝑖 = 1, . . . , 1800

⎫⎪⎪⎪⎬⎪⎪⎪⎭ (4.1)
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Figure 4.3: Figure shows segmentation of the signal during the response of the sensor
without overlap between the windows

where 𝑋𝑖 is a 2D tensor with 𝑁𝐶 = 8 representing the number of channels (i.e., the
sensors) and 𝑁𝑆 the number of samples that depends on the TCP and GF as shown in
Figure 4.3

4.3 Methods

In order to classify hardness using the developed tactile system in a less controlled
environment than that of Chapter 3, and to build a real-time pipeline suitable for future
prosthetic-hand applications, the following methodology was adopted. As illustrated
in Fig. 4.4, the process starts with data preprocessing, where the signals are filtered
and segmented into windows. These windows are then used as input to the feature
and network selection block, in which classical machine-learning and deep-learning
approaches are compared in order to identify the most suitable strategy for hardness
classification with this sensing system. Finally, based on the offline training and selection
stage, a real-time classification pipeline is implemented and optimized.
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Figure 4.4: Block diagram explaining the proposed methodology to process the piezo-
electric data, and build the real-time pipeline

4.3.1 Data Preprocessing

4.3.1.1 Signal Filtering

A 30 Hz low-pass filter was applied to each 𝑋𝑖 ∈ D to attenuate high-frequency noise
while retaining the informative components of the tactile signals, following the procedure
in [171]. In addition, only the segments corresponding to the indentation phase were
retained: the samples preceding the touch onset and those following the touch release
(see Figure 4.3) were discarded. The resulting signals are denoted by ˆ︁𝑋𝑖 ∈ R𝑁𝐶×ˆ︂𝑁𝑆 ,
where ˆ︂𝑁𝑆 < 𝑁𝑆 reflects the removal of the non-touch-related portions.

4.3.1.2 Segmentation

In this study, the filtered signals ˆ︁𝑋𝑖 ∈ R𝑁𝐶×ˆ︂𝑁𝑆 were segmented using fixed-size, non-
overlapping windows defined in the time domain. Each trial was partitioned into contigu-
ous windows of constant duration, and no overlap was introduced between consecutive
segments.
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Given the sampling frequency 𝑓𝑠 = 2 kHz, a window of duration 𝑇𝑤 milliseconds
corresponds to

𝑛𝑤 (𝑇𝑤) = 𝑇𝑤 · 𝑓𝑠

1000
(4.2)

samples. We explored multiple window durations 𝑇𝑤 in the range [20, 400] ms to study
the trade-off between temporal resolution (short windows) and the amount of tactile
information contained in each segment (long windows), and then how fast can we have
a reliable information the system can use it to make a decision later on. For instance,
at 𝑓𝑠 = 2 kHz, 𝑇𝑤 = 20 ms and 𝑇𝑤 = 400 ms correspond to windows of 𝑛𝑤 = 40 and
𝑛𝑤 = 800 samples, respectively.

For a given window duration 𝑇𝑤, each filtered signal ˆ︁𝑋𝑖 was partitioned into 𝑀 (𝑇𝑤)
𝑖

non-overlapping windows by grouping consecutive samples:

𝑊
(𝑇𝑤)
𝑖, 𝑗

= ˆ︁𝑋𝑖 [︁ :, ( 𝑗 − 1) 𝑛𝑤 (𝑇𝑤) + 1 : 𝑗 𝑛𝑤 (𝑇𝑤)
]︁
, 𝑗 = 1, . . . , 𝑀 (𝑇𝑤)

𝑖
, (4.3)

where𝑊 (𝑇𝑤)
𝑖, 𝑗

∈ R𝑁𝐶×𝑛𝑤 (𝑇𝑤) denotes the 𝑗-th window extracted from trial 𝑖 for the chosen
duration 𝑇𝑤. The number of windows 𝑀 (𝑇𝑤)

𝑖
depends on the trial length and generally

differs across trials.
The dataset associated with a given window duration 𝑇𝑤 is then defined as

D𝑇𝑤 =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩
(︂
𝑊

(𝑇𝑤)
𝑖, 𝑗

, 𝑦𝑖

)︂ |︁|︁|︁|︁|︁|︁|︁|︁|︁|︁
𝑊

(𝑇𝑤)
𝑖, 𝑗

∈ R𝑁𝐶×𝑛𝑤 (𝑇𝑤) ,

𝑦𝑖 ∈ {five classes},
𝑖 = 1, . . . , 𝑁,
𝑗 = 1, . . . , 𝑀 (𝑇𝑤)

𝑖

⎫⎪⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎪⎭
, (4.4)

where 𝑁 is the number of trials, 𝑁𝐶 is the number of sensing channels, 𝑛𝑤 (𝑇𝑤) is the
number of samples per window determined by the duration 𝑇𝑤, 𝑀 (𝑇𝑤)

𝑖
is the number of

windows obtained from trial 𝑖, and 𝑦𝑖 is the hardness label associated with trial 𝑖. This
formulation is repeated for each tested window duration 𝑇𝑤 ∈ [20, 400] ms to assess
how the window length affects classification performance.
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4.3.2 Feature extraction

To reduce the dimensionality of the input space while retaining the most informative
descriptors of the tactile dynamics, a multi-stage feature extraction and selection pipeline
is applied, as illustrated in Fig. 4.4. For each windowed trial 𝑊 (𝑇𝑤)

𝑖, 𝑗
∈ R𝑁𝐶×𝑛𝑤 (𝑇𝑤) (see

Section 4.3.1.2), a set of time-domain features is computed independently on each
channel and then concatenated into a single feature vector. This defines a mapping

𝒛𝑖, 𝑗 = Φ
(︁
𝑊

(𝑇𝑤)
𝑖, 𝑗

)︁
∈ R𝐷 , (4.5)

where Φ(·) denotes the feature extraction operator and 𝐷 is the total number of extracted
features.

For each channel 𝑐, let 𝑤𝑐 [𝑡] denote the 𝑡-th sample of the considered window, with

𝑐 = 1, . . . , 𝑁𝐶 , 𝑡 = 1, . . . , 𝑛𝑤 (𝑇𝑤).

Let

𝜇𝑐 =
1

𝑛𝑤 (𝑇𝑤)

𝑛𝑤 (𝑇𝑤)∑︁
𝑡=1

𝑤𝑐 [𝑡]

denote the sample mean of channel 𝑐. The following 12 time-domain descriptors are
then computed for each channel:

Mean
Mean𝑐 = 𝜇𝑐 .

This feature represents the average signal level within the window.

Standard deviation

StD𝑐 =

⌜⃓⎷
1

𝑛𝑤 (𝑇𝑤)

𝑛𝑤 (𝑇𝑤)∑︁
𝑡=1

(︁
𝑤𝑐 [𝑡] − 𝜇𝑐

)︁2
.

It measures the dispersion of the tactile signal around its mean.

Minimum
Minimum𝑐 = min

1≤𝑡≤𝑛𝑤 (𝑇𝑤)
𝑤𝑐 [𝑡] .
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This captures the smallest amplitude observed in the window.

Maximum
Maximum𝑐 = max

1≤𝑡≤𝑛𝑤 (𝑇𝑤)
𝑤𝑐 [𝑡] .

This captures the largest amplitude observed in the window.

Median
Median𝑐 = median{𝑤𝑐 [1], . . . , 𝑤𝑐 [𝑛𝑤 (𝑇𝑤)]}.

The median provides a robust estimate of the central tendency of the signal.

Skewness

Skewness𝑐 =
1

𝑛𝑤 (𝑇𝑤)

𝑛𝑤 (𝑇𝑤)∑︁
𝑡=1

(︃
𝑤𝑐 [𝑡] − 𝜇𝑐

StD𝑐

)︃3
.

Skewness quantifies the asymmetry of the signal distribution.

Kurtosis

Kurtosis𝑐 =
1

𝑛𝑤 (𝑇𝑤)

𝑛𝑤 (𝑇𝑤)∑︁
𝑡=1

(︃
𝑤𝑐 [𝑡] − 𝜇𝑐

StD𝑐

)︃4
.

Kurtosis measures the peakedness or impulsiveness of the signal distribution.

Peak-to-peak amplitude

PtP𝑐 = Maximum𝑐 − Minimum𝑐 .

This descriptor measures the dynamic range of the signal within the window.

Root mean square

RMS𝑐 =

⌜⃓⎷
1

𝑛𝑤 (𝑇𝑤)

𝑛𝑤 (𝑇𝑤)∑︁
𝑡=1

𝑤𝑐 [𝑡]2.

RMS reflects the effective energy of the signal.

Crest factor
Crest𝑐 =

max1≤𝑡≤𝑛𝑤 (𝑇𝑤) |𝑤𝑐 [𝑡] |
RMS𝑐

.
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Crest factor quantifies the prominence of peaks relative to the average signal
energy.

Zero-crossing rate

ZCR𝑐 =
1

𝑛𝑤 (𝑇𝑤) − 1

𝑛𝑤 (𝑇𝑤)−1∑︁
𝑡=1

I(𝑤𝑐 [𝑡] 𝑤𝑐 [𝑡 + 1] < 0) ,

where I(·) is the indicator function. This feature measures how frequently the
signal changes sign and is therefore sensitive to local oscillatory behaviour.

Waveform length

WFL𝑐 =
𝑛𝑤 (𝑇𝑤)−1∑︁

𝑡=1
|𝑤𝑐 [𝑡 + 1] − 𝑤𝑐 [𝑡] | .

Waveform length captures the cumulative amount of variation in the signal and is
related to its temporal complexity.

The 12-dimensional feature vector extracted from channel 𝑐 is therefore

𝝓𝑐

(︂
𝑊

(𝑇𝑤)
𝑖, 𝑗

)︂
=

[︄
Mean𝑐 StD𝑐 Minimum𝑐 Maximum𝑐 Median𝑐 Skewness𝑐

Kurtosis𝑐 PtP𝑐 RMS𝑐 Crest𝑐 ZCR𝑐 WFL𝑐

]︄⊤
∈ R12.

Given 𝑁𝐶 sensing channels, the complete feature vector is obtained by concatenating
the per-channel descriptors:

𝒛𝑖, 𝑗 =
[︂
𝝓⊤

1 𝝓⊤
2 · · · 𝝓⊤

𝑁𝐶

]︂⊤
∈ R12𝑁𝐶 .

Hence, 𝐷 = 12𝑁𝐶 features are extracted from each window. These descriptors include
basic statistics, higher-order moments, amplitude-related measures, and shape descrip-
tors, which jointly capture both the intensity and the temporal variability of the tactile
signals. Most of them can be computed from running sums, extrema, or local sample
differences, making them suitable for efficient implementation in embedded systems.

Before applying feature ranking methods, two unsupervised filtering steps are per-
formed to remove uninformative or redundant descriptors. First, a variance thresholding
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step discards features whose variance across the training set is below a small threshold,
thereby eliminating nearly constant features. Second, a correlation-based pruning step
removes highly collinear descriptors by discarding one feature from each pair whose
absolute Pearson correlation exceeds a predefined threshold (e.g., |𝜌 | > 0.95). The re-
maining features constitute a reduced set on which the subsequent ranking and selection
procedures are applied.

For each window duration 𝑇𝑤, all feature filtering and ranking operations were fitted
exclusively on the training split. In particular, the variance threshold, the correlation-
pruning mask, and the subsequent PCA-based or RFE-based rankings were estimated
using only the training feature matrix. The resulting feature masks and ordered subsets
were then applied unchanged to the validation and test sets. This procedure was adopted
to prevent information leakage from the validation or test data into the feature-selection
stage and to ensure that the reported performance reflects generalization to unseen
samples [178, 179, 195].

4.3.2.1 PCA-based ranking

As in previous work [173], principal component analysis (PCA) [172] is employed as an
unsupervised tool for feature ranking. PCA transforms the standardized feature matrix
into a new set of orthogonal directions, the principal components (PCs), which are linear
combinations of the original variables and ordered according to the amount of variance
they explain.

In this study, PCA is applied after variance and correlation pruning. The remaining
features are first standardized, and PCA is then computed with two components (PC1 and
PC2). Let ℓ 𝑗 ,1 and ℓ 𝑗 ,2 denote the loadings of feature 𝑗 on PC1 and PC2, respectively. An
importance score is assigned to each feature based on the magnitude of its contributions
to these two components:

𝑠 𝑗 = |ℓ 𝑗 ,1 | + |ℓ 𝑗 ,2 |. (4.6)

Features are then sorted in descending order of 𝑠 𝑗 , yielding a global ranking in which
higher-scoring descriptors are considered more relevant. From this ordered list, the top
𝐾 features (with 𝐾 = 10 in this work) are selected and used to train and tune the classical
machine learning classifiers (SVM, KNN, RF, and SLFNN). This PCA-based ranking
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provides an unsupervised, model-agnostic criterion that highlights features most aligned
with the directions of maximum variance in the data.

4.3.2.2 RFE-based ranking

Recursive feature elimination (RFE) [174] is adopted as a supervised feature selection
method, applied on the pruned feature set to obtain model-specific rankings. RFE
iteratively fits a predictive model, evaluates feature importance, and removes the least
relevant descriptors until a target number of features is reached. This process yields both
a ranked list of features and a reduced subset tailored to the chosen estimator.

In the proposed pipeline, RFE is performed separately for each classifier type. For
the SVM and RF configurations, linear support vector machines and random forests, re-
spectively, are used as base estimators within the RFE procedure, leveraging their native
importance measures (model coefficients for linear SVMs and impurity-based impor-
tances for RFs). For classifiers that do not directly provide suitable feature importance
scores (e.g., KNN and SLFNN), a linear model with sparsity-promoting regularization
is used within RFE to estimate feature relevance. In all cases, the number of selected
features is fixed to𝐾 = 10, matching the dimensionality used in the PCA-based selection.

Formally, let F = { 𝑓1, . . . , 𝑓𝑀} denote the set of features remaining after variance
and correlation pruning. RFE produces, for each model 𝑚, an ordered sequence

F (𝑚)
RFE =

(︁
𝑓𝜋 (𝑚) (1) , . . . , 𝑓𝜋 (𝑚) (𝑀)

)︁
, (4.7)

where 𝜋(𝑚) (·) is a permutation that ranks features from most to least relevant according to
estimator 𝑚. The first 𝐾 elements of F (𝑚)

RFE define the model-specific subset used to train
and tune the corresponding classifier. This supervised selection strategy complements
the PCA-based ranking by explicitly accounting for the discriminative power of each
feature with respect to the hardness classification task.

4.3.3 Model selection and training

In this study, we compare a deep learning model operating directly on the raw windowed
signals 𝑊 (𝑇𝑤)

𝑖, 𝑗
∈ R𝑁𝐶×𝑛𝑤 (𝑇𝑤) with a set of classical machine learning models trained on

the corresponding feature vectors 𝒛𝑖, 𝑗 = Φ
(︁
𝑊

(𝑇𝑤)
𝑖, 𝑗

)︁
described in the previous section.
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The goal is to evaluate the trade-off between representation learning from raw data and
classification based on compact, hand-crafted descriptors, under constraints that remain
compatible with potential embedded deployment.

A one-dimensional convolutional neural network (1D-CNN) is adopted as the deep
learning baseline, as it can effectively capture local temporal patterns from fixed-length
windows of the tactile signal. In parallel, four classical models are considered: Support
Vector Machines (SVM), 𝑘-Nearest Neighbours (KNN), Random Forests (RF), and a
Single-Layer Feedforward Neural Network (SLFNN). These models provide lighter-
weight alternatives that operate in the feature domain and offer varying degrees of
interpretability and flexibility.

All models are trained independently for each window duration 𝑇𝑤 (see Sec-
tion 4.3.1.2). For classical machine learning, the input consists of the feature vectors 𝒛𝑖, 𝑗
obtained after extraction, variance filtering, correlation pruning, and feature selection
(either PCA-based or RFE-based ranking). For the CNN, the input is the normalized
multichannel time series window𝑊

(𝑇𝑤)
𝑖, 𝑗

. In all cases, the data are partitioned into three
mutually exclusive sets: training, validation, and test. Hyperparameters are tuned using
the validation set, and final performance is assessed on the held-out test set using the
configuration that maximizes validation accuracy.

4.3.3.1 Data splitting, hyperparameter tuning, and model-selection protocol

To ensure a fair comparison across models and window durations, the data partitioning
was performed at the trial level before segmentation. Thus, all windows extracted from
a given trial belong to the same subset, and no windows originating from the same
physical interaction appear simultaneously in training, validation, and test. For each
tested duration 𝑇𝑤, the trial-wise training, validation, and test partitions were segmented
independently, yielding three mutually exclusive windowed datasets associated with that
temporal resolution.

For the classical machine-learning branch, the complete pipeline was executed in-
dependently for each pair (𝑇𝑤, feature-selection strategy). First, feature extraction was
applied to the windows of the three subsets. Then, variance filtering, correlation prun-
ing, and feature ranking/selection were fitted on the training subset only and transferred
unchanged to the validation and test subsets. For every candidate model and hyperpa-
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rameter configuration, the classifier was trained on the training subset and evaluated on
the validation subset. The validation accuracy was used as the model-selection crite-
rion. After selecting the best hyperparameter configuration for a given classical pipeline,
the corresponding classifier was refitted using the available development data and then
evaluated once on the held-out test subset.

For the deep-learning branch, the 1D-CNN was trained independently for each win-
dow duration 𝑇𝑤 and for each candidate hyperparameter configuration. Model selection
was based on the validation subset, whereas the test subset was kept untouched un-
til the final evaluation of the selected configuration. This train/validation/test strategy
was adopted in order to separate hyperparameter optimization from final performance
assessment and to avoid optimistic bias in the reported results [178, 179, 195].

4.3.3.2 Convolutional Neural Network (1D-CNN)

The 1D-CNN processes windows𝑊 (𝑇𝑤)
𝑖, 𝑗

∈ R𝑁𝐶×𝑛𝑤 (𝑇𝑤) directly in the time domain. Prior
to training, each channel is standardized using the mean and standard deviation computed
over the training set, and the same normalization is applied to the validation and test
sets.

The network is composed of a sequence of convolutional blocks followed by a fully
connected classifier. Each block consists of a 1D convolutional layer with ReLU acti-
vation, optionally followed by a max-pooling operation along the temporal dimension
to progressively reduce signal length while increasing the number of feature maps. The
number of convolutional blocks and the base number of filters are treated as hyperpa-
rameters: specifically, the number of filters in the first convolutional layer is set to either
16 or 32, deeper blocks use progressively larger channel counts, the kernel size is chosen
between 3 and 5 samples, and the number of convolutional blocks is set to either 3 or 7.
The fully connected part consists of a dense layer with 128 neurons and ReLU activation
followed by a dropout layer, where the dropout rate is selected between 0.2 and 0.3, and
a final softmax output layer with one neuron per class. The network is trained using the
Adam optimizer with a learning rate fixed to 10−3 and a cross-entropy loss.

For each hyperparameter configuration, the model is trained with an early stopping
criterion based on the validation loss, using a maximum of 100 epochs and a patience of
5 epochs. The weights corresponding to the lowest validation loss are retained. Among
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all tested configurations, the one yielding the highest validation accuracy is selected,
and the corresponding model is finally evaluated on the test set.

4.3.3.3 Support Vector Machine (SVM)

SVMs are trained on the selected feature subsets obtained from the PCA-based and
RFE-based rankings applied to the vectors 𝒛𝑖, 𝑗 . A radial basis function (RBF) kernel is
adopted to capture nonlinear relationships in the feature space. The penalty parameter
𝐶 is explored in the set {0.1, 1, 10}, while the kernel coefficient 𝛾 is tested using the
scale and auto options provided by scikit-learn, which adapt the kernel width to the
feature distribution. Multi-class classification is handled using the one-vs-one strategy.
Features are standardized within a pipeline before model fitting, and the hyperparameter
combination that maximizes validation accuracy is selected.

4.3.3.4 K-Nearest Neighbors (KNN)

The KNN classifier provides a non-parametric baseline that classifies each sample based
on the labels of its nearest neighbors in the feature space spanned by 𝒛𝑖, 𝑗 . The number
of neighbors 𝑘 is varied in the set {3, 5, 7, 9}, and two weighting schemes are com-
pared: uniform weighting, where all neighbors contribute equally, and distance-based
weighting, where closer neighbors have a higher influence. The Minkowski distance
order 𝑝 is set either to 1 (Manhattan distance) or 2 (Euclidean distance). As in the other
classical models, features are standardized via a preprocessing step in the pipeline, and
the configuration achieving the highest validation accuracy is retained.

4.3.3.5 Random Forest (RF)

Random Forests constitute an ensemble of decision trees trained on bootstrapped samples
of the data with feature-level randomness at each split. This model is particularly suitable
for handling heterogeneous and potentially correlated features, and it naturally provides
measures of feature importance.

To control the complexity and expressiveness of the ensemble, several hyperparam-
eters are tuned. The number of trees 𝑛estimators is set to either 100 or 200, the maximum
tree depth is chosen among {5, 6, 7}, the minimum number of samples required to split
an internal node is set to either 2 or 5, and the minimum number of samples required
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to form a leaf node is set to either 1 or 2. For each window duration and feature se-
lection method, the RF is fitted on the training set, evaluated on the validation set for
hyperparameter selection, and finally assessed on the test set using the best-performing
configuration.

4.3.3.6 Single Layer Feedforward Neural Network (SLFNN)

The SLFNN is implemented as a multilayer perceptron with a single hidden layer, trained
on the selected feature sets 𝒛𝑖, 𝑗 . This architecture provides a flexible yet relatively
lightweight nonlinear classifier.

The size of the hidden layer is explored in the set {50, 100, 200} neurons, with ReLU
used as the activation function. To regularize the model and mitigate overfitting, the L2
penalty coefficient 𝛼 is varied between 10−4 and 10−3. Two learning rate schedules are
considered, namely a constant learning rate and an adaptive scheme, both implemented
within the scikit-learn MLP framework. Training is performed with early stopping
based on an internal validation split and a maximum of 1000 iterations. As with the
other models, the external validation set is used to select the optimal hyperparameter
combination within a standardized pipeline.

4.3.3.7 Training protocol

For each window duration𝑇𝑤 and for each feature selection strategy (PCA-based ranking
and RFE-based ranking), the SVM, KNN, RF, and SLFNN models are independently
trained and tuned using the training and validation sets, operating on the feature vectors
𝒛𝑖, 𝑗 . Feature standardization is performed within the model pipelines to avoid data leak-
age. The hyperparameter configuration that maximizes validation accuracy is retained,
and the corresponding model is finally evaluated on the held-out test set. The 1D-CNN
is trained separately on the raw normalized signals 𝑊 (𝑇𝑤)

𝑖, 𝑗
for each window duration,

following the same train–validation–test protocol. This design enables a consistent
comparison between deep and classical models across different temporal resolutions of
the tactile signal.
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4.3.4 Statistical analysis

To complement the descriptive evaluation based on classification accuracy, formal sta-
tistical analyses were performed in order to assess whether the observed performance
differences were statistically meaningful. Since the compared classifiers were evaluated
on the same held-out test samples, paired statistical procedures were adopted.

First, to evaluate model selection among the classical machine-learning approaches,
the predictions obtained at the selected window size of 100 ms were compared across the
complete classical pipelines retained in this chapter. Since feature selection was imple-
mented in a classifier-specific manner, namely PCA-ranked subsets and RFE subsets built
with different estimators depending on the classifier, inferential comparisons were per-
formed at the level of full pipelines rather than through a single pooled feature-selection
factor. Accordingly, the comparison involved SVM trained on F100-RFE-SVM, RF trained
on F100-RFE-RF, and KNN and SLFNN trained on F100-RFE-L1. Because more than two
matched pipelines were compared on the same test samples, Cochran’s 𝑄 test was used
as an omnibus test. When the omnibus test indicated a significant difference, post-hoc
pairwise comparisons were carried out using McNemar’s test with Holm correction for
multiple comparisons [181, 180, 182].

Second, to support the main offline comparison between the best classical pipeline
and the deep-learning approach, the RF classifier trained on F100-RFE-RF was compared
against the 1D-CNN at 100 ms using McNemar’s test. This test was selected because
it is specifically suited to paired comparisons between two classifiers evaluated on the
same test set [181].

Finally, the influence of the experimental conditions on the final deep-learning model
was analyzed at the trial level. Since the CNN generated one prediction per signal
window, whereas the experimental conditions (TCP and GF) were defined for the original
trial, window-level outputs belonging to the same original trial were first aggregated into a
single trial-level decision. Specifically, the confidence vectors of all windows associated
with the same trial were averaged, and the final predicted label for that trial was assigned
as the class with the highest mean confidence. This soft-voting strategy was adopted in
order to preserve the confidence information of the classifier while converting segmented
predictions into a single decision per original trial, which is consistent with probability-
aware handling of segmented time-series outputs [183]. After aggregation, trial-level
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correctness was analyzed as a function of TCP level, GF level, and their interaction
(TCP × GF). Statistical significance was assessed at 𝑝 < 0.05, and multiple pairwise
comparisons were corrected using the Holm procedure whenever applicable.

4.3.5 Real-time classification pipeline

To enable online hardness discrimination, the predictive model selected in the offline
analysis was deployed within a real-time pipeline that processes streaming tactile data
from the sensing system. The real-time loop mirrors the preprocessing and window-
ing used during training, while adding activity detection, event-based triggering, and
temporal smoothing of predictions.

The real-time classifier corresponds to the configuration selected during the offline
train/validation/test procedure, including the window duration, the learned model pa-
rameters, and the normalization statistics estimated on the training set. Once selected
offline, the model weights were kept fixed during real-time operation, and no online
adaptation or incremental retraining was performed. This design was chosen to ensure
that the real-time evaluation reflects the direct deployment of the previously validated
offline model under streaming conditions.

Tactile data are acquired from the piezoelectric sensing array through a serial inter-
face. Each frame consists of 𝑁𝐶 channels encoded as 16-bit integers and is converted
to physical units using a fixed scaling factor. The samples are streamed at a known
sampling frequency 𝑓𝑠, and a deployment configuration specifies the number of chan-
nels, the sampling rate, the window duration 𝑇𝑤 (or equivalently the number of samples
𝑁𝑤 = 𝑇𝑤 𝑓𝑠), as well as the parameters of the real-time filters and the activity detector.

For each incoming sample, a smoothing stage is applied independently to every
channel. This is implemented as an exponential moving average of the form

𝑦𝑐 (𝑡) = 𝛼𝑥𝑐 (𝑡) + (1 − 𝛼)𝑦𝑐 (𝑡 − 1),

where 𝛼 is chosen to realize a desired low-pass cutoff frequency. The filter acts as a
low-pass stage that attenuates high-frequency noise while preserving the relevant tactile
dynamics.
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To compensate for slow drifts and quasi-static offsets, a baseline adaptation mech-
anism is applied after smoothing. A baseline 𝜇𝑐 (𝑡) is estimated per channel using an
exponential update with time constant 𝜏, and the baseline-corrected signal is obtained as

𝑥bc
𝑐 (𝑡) = 𝑦𝑐 (𝑡) − 𝜇𝑐 (𝑡).

The baseline is updated only while the system is inactive (no contact), so that indentation-
related variations do not contaminate the reference level.

On top of the baseline-corrected signal, an activity detector identifies contact events
in real time. At each time step, an aggregate magnitude 𝑚(𝑡) is computed across
channels, as the mean absolute value (L1 aggregation). During inactive periods, the
detector maintains an online estimate of the mean 𝜇0 and variance 𝜎2

0 of 𝑚(𝑡) using
incremental updates. An adaptive threshold

𝜃 (𝑡) = 𝜇0(𝑡) + 𝑘𝜎 𝜎0(𝑡)

is then used to decide whether the current magnitude indicates an active contact. A finite-
state machine with hysteresis enforces minimum activation and deactivation times: the
system enters the active state only if 𝑚(𝑡) > 𝜃 (𝑡) for at least a predefined duration
𝑇min,active, and returns to the inactive state only if 𝑚(𝑡) ≤ 𝜃 (𝑡) for at least 𝑇min,inactive.
Each continuous active interval defines an event, corresponding to a single grasp or
indentation episode. At event onset, the internal buffers are reset, the event start time is
stored, and baseline adaptation is temporarily frozen until the event ends.

While the detector is in the active state, baseline-corrected samples 𝑥bc
𝑐 (𝑡) are accu-

mulated in a buffer of length 𝑁𝑤, corresponding to the window duration 𝑇𝑤 used during
training. Once 𝑁𝑤 consecutive samples have been collected, a window𝑊RT ∈ R𝑁𝐶×𝑁𝑤

is formed. This window is then normalized using the same channel-wise means and
standard deviations estimated on the training set and stored together with the model
parameters. The normalized window is arranged to match the input layout expected
by the deployed model and passed through the inference engine running on the target
device.
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For each window, the model produces a vector of class scores (logits) ℓ ∈ R𝑁classes ,
which are converted into class probabilities via a softmax function:

𝑝𝑘 =
exp(ℓ𝑘 )∑︁𝑁classes

𝑗=1 exp(ℓ 𝑗 )
, 𝑘 = 1, . . . , 𝑁classes.

The predicted class for that window is given by the index of the maximum probability,
and the corresponding value 𝑝max is retained as a confidence measure. To reduce
prediction jitter across consecutive windows, a temporal voting scheme is applied: the
last 𝐾 window-level predictions within the event are stored, and the real-time label at
each step is obtained as the majority class among these𝐾 predictions. This majority-vote
label is reported together with the per-window softmax probabilities.

The real-time pipeline operates in an event-triggered mode, in which predictions are
produced only while the activity detector signals an ongoing contact. For each event, all
window-level predictions and their probabilities are recorded, and at the end of the event
a summary is computed by taking the majority label across its windows and the fraction
of windows supporting this label. During the experiments, a graphical interface was
used to visualize the predicted label as a function of time together with the top-𝐾 class
probabilities, enabling real-time monitoring of the system behaviour under different
grasping conditions.

This implementation ensures that the deployed model uses the same preprocessing
(smoothing, baseline correction, windowing, and normalization) and window length
as in the offline training phase, while adding adaptive activity detection and temporal
smoothing tailored to online operation.

4.4 Results

4.4.1 Feature Selection

For each fixed window duration between 50 ms and 200 ms, the PCA-based rank-
ing and the three RFE configurations consistently yielded compact 10-dimensional
subsets, To compactly denote each 10-dimensional subset, we use the notation
F𝑇𝑤-𝑌 , where 𝑇𝑤 ∈ {50, 60, 70, 80, 90, 100, 200}ms indicates the window du-
ration and 𝑌 ∈ {PCA,RFE-SVM,RFE-RF,RFE-L1} denotes the feature selec-
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tion method. Individual features are annotated as feature 𝑗 , where feature ∈
{mean,std,min,max,median,skew,kurtosis,ptp,rms,crest,zcr,wfl}
denotes the descriptor type and 𝑗 ∈ {0, . . . , 7} is the index of the sensor channel from
which that descriptor was computed. For example, min_0 denotes the minimum
value of channel 0, ptp_3 the peak-to-peak amplitude of channel 3, and wfl_6 the
waveform length of channel 6. The resulting 10-dimensional subsets are summarized in
Tables 4.1–4.4.

The feature labels reported in Tables 4.1–4.4 therefore correspond directly to the
formally defined descriptors introduced in the feature-extraction methodology.

Overall, the PCA-based subsets are dominated by amplitude- and envelope-related
descriptors on a small group of sensors, such as min_0, max_0, max_3, and the pair
min_5/max_5. Crest factor and, to a lesser extent, skewness also appear among the
leading components, especially on sensors 0, 3, and 6, indicating that PCA tends to
emphasise large-scale intensity variations and peak prominence in the tactile response.

In contrast, the RFE-based subsets are strongly estimator-dependent. When RFE is
driven by an SVM (Table 4.2), the selected features are almost exclusively waveform
length (wfl_j) and peak-to-peak values (ptp_j) across several sensors, with zero-crossing
rate (zcr_j) appearing for longer windows (e.g., zcr_6 and zcr_7 at 200 ms). This pattern
suggests that the SVM relies heavily on the overall temporal complexity and amplitude
excursions of the signal rather than on absolute levels.

RFE with a Random Forest estimator (Table 4.3) preserves a similar emphasis on
dynamic descriptors, repeatedly selecting ptp_j and wfl_j across sensors 0–7, while also
retaining zcr_1 and zcr_7 as informative indicators of high-frequency activity. For the
longest window, min_4 is added, indicating that the Random Forest model benefits from
combining local amplitude statistics with measures of signal roughness.

Finally, the subsets produced by RFE with an L1-regularised logistic regression
estimator (Table 4.4)—used to generate the ranked features for both KNN and SLFNN—
tend to prioritise shape-related descriptors such as crest factor, skewness, and zero-
crossing rate. These features appear consistently on sensors 0, 1, 3, 4, 6, and 7, and
for 𝑇𝑤 = 200 ms, kurtosis_7 also enters the subset. This behaviour highlights the
sensitivity of the L1-based RFE to higher-order distributional properties and rare large
peaks. Taken together, these results show that hardness information is encoded both in
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Table 4.1: Selected 10-dimensional feature subsets obtained from PCA-based ranking
for window durations between 50 ms and 200 ms.

Subset Selected features

F50-PCA min_0, max_3, min_3, max_0, min_5, max_5, crest_3, ptp_3, wfl_3,
crest_0

F60-PCA min_0, min_3, max_3, max_0, min_5, max_5, crest_3, crest_0,
wfl_4, max_6

F70-PCA max_0, min_0, min_3, max_3, crest_0, crest_3, skew_0, min_5,
max_5, ptp_0

F80-PCA min_0, max_3, max_0, min_3, min_5, max_5, ptp_3, crest_0, wfl_4,
ptp_0

F90-PCA min_0, max_0, max_3, min_3, min_5, max_5, crest_3, crest_0,
ptp_3, wfl_3

F100-PCA max_3, min_0, max_0, min_3, max_5, min_5, crest_3, ptp_3, wfl_3,
wfl_4

F200-PCA max_0, min_0, min_3, max_3, crest_0, skew_0, crest_3, min_5,
max_5, max_6

Table 4.2: Selected 10-dimensional feature subsets obtained from RFE with an SVM
estimator for window durations between 50 ms and 200 ms.

Subset Selected features

F50-RFE-SVM wfl_0, wfl_1, ptp_2, wfl_2, wfl_3, wfl_4, ptp_5, wfl_6, ptp_7, wfl_7

F60-RFE-SVM wfl_1, ptp_2, wfl_2, wfl_3, wfl_4, ptp_5, zcr_6, wfl_6, ptp_7, wfl_7

F70-RFE-SVM wfl_0, wfl_1, ptp_2, wfl_2, wfl_3, wfl_4, ptp_5, wfl_6, ptp_7, wfl_7

F80-RFE-SVM wfl_1, ptp_2, wfl_2, wfl_3, wfl_4, ptp_5, zcr_6, wfl_6, ptp_7, wfl_7

F90-RFE-SVM wfl_1, ptp_2, wfl_2, wfl_3, wfl_4, ptp_5, zcr_6, wfl_6, ptp_7, wfl_7

F100-RFE-SVM wfl_1, ptp_2, wfl_2, wfl_3, wfl_4, ptp_5, zcr_6, wfl_6, ptp_7, wfl_7

F200-RFE-SVM wfl_0, wfl_1, wfl_2, zcr_4, wfl_4, zcr_5, zcr_6, wfl_6, zcr_7, wfl_7

the global amplitude of the tactile response (captured by PCA-selected features) and in
its temporal structure and asymmetry (captured by the different RFE configurations).
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Table 4.3: Selected 10-dimensional feature subsets obtained from RFE with a Random
Forest estimator for window durations between 50 ms and 200 ms.

Subset Selected features

F50-RFE-RF min_0, ptp_0, wfl_1, ptp_3, wfl_3, wfl_4, ptp_5, wfl_5, ptp_6, wfl_6

F60-RFE-RF ptp_0, ptp_3, wfl_3, ptp_4, wfl_4, ptp_5, wfl_5, ptp_6, wfl_6, zcr_7

F70-RFE-RF ptp_0, zcr_1, ptp_3, wfl_3, ptp_4, wfl_4, ptp_5, wfl_5, wfl_6, zcr_7

F80-RFE-RF ptp_0, zcr_1, ptp_3, wfl_3, ptp_4, wfl_4, ptp_5, wfl_5, wfl_6, zcr_7

F90-RFE-RF ptp_0, zcr_1, ptp_3, ptp_4, wfl_4, ptp_5, wfl_5, wfl_6, ptp_7, zcr_7

F100-RFE-RF ptp_0, zcr_1, ptp_3, wfl_3, ptp_4, wfl_4, ptp_5, wfl_5, wfl_6, zcr_7

F200-RFE-RF ptp_0, zcr_1, ptp_3, min_4, ptp_4, wfl_4, wfl_5, wfl_6, ptp_7, zcr_7

Table 4.4: Selected 10-dimensional feature subsets obtained from RFE with an L1-
regularised Logistic Regression estimator (used to rank features for both KNN and
SLFNN) for window durations between 50 ms and 200 ms.

Subset Selected features

F50-RFE-L1 zcr_0, zcr_1, zcr_3, crest_4, zcr_5, crest_6, zcr_6, skew_7, crest_7,
zcr_7

F60-RFE-L1 zcr_0, zcr_1, crest_4, zcr_5, skew_6, crest_6, zcr_6, skew_7, crest_7,
zcr_7

F70-RFE-L1 zcr_0, crest_1, crest_4, skew_5, crest_5, skew_6, crest_6, skew_7,
crest_7, zcr_7

F80-RFE-L1 crest_0, crest_1, crest_3, crest_4, skew_5, crest_5, skew_6, crest_6,
skew_7, crest_7

F90-RFE-L1 zcr_0, zcr_1, crest_4, zcr_5, skew_6, crest_6, zcr_6, skew_7, crest_7,
zcr_7

F100-RFE-L1 crest_0, crest_1, crest_3, crest_4, skew_5, crest_5, skew_6, crest_6,
skew_7, crest_7

F200-RFE-L1 skew_0, crest_0, crest_1, crest_3, crest_4, skew_5, crest_5, crest_6,
kurtosis_7, crest_7
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Figure 4.5: Test accuracy of all machine learning models as a function of window
duration𝑇𝑤. Each curve corresponds to a specific classifier and feature–selection method
(KNN, RF, SLFNN, SVM combined with PCA or RFE-based subsets).

4.4.2 Classification Performance and Model Selection

For each window duration 𝑇𝑤 ∈ {50, 60, 70, 80, 90, 100, 200, 300, 400}ms, all models
were trained on the training set, tuned on the validation set, and finally evaluated on a
held-out test set. The four feature-based classifiers (KNN, RF, SLFNN, and SVM) were
combined with the feature subsets introduced in Section 4.4.1 (PCA-ranked features
F𝑇𝑤-PCA, RFE-SVM subsets F𝑇𝑤-RFE-SVM, RFE-RF subsets F𝑇𝑤-RFE-RF, and RFE-L1
subsets F𝑇𝑤-RFE-L1). The resulting test accuracies are summarised in Fig. 4.5.

As shown in Fig. 4.5, increasing the window duration systematically improves the
performance of all feature-based models. For very short windows (𝑇𝑤 = 50 ms), test
accuracies span approximately 50.5%–59.2% across all classifier–feature combinations,
with the best configuration being KNN trained on the PCA subset F50-PCA (test accuracy
59.2%). When the window is extended to 𝑇𝑤 = 60 ms, the best ML accuracy rises to
64.1%, again obtained with KNN and PCA-ranked features. For intermediate windows
(𝑇𝑤 = 70–100 ms), the top-performing configurations alternate between KNN with
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Figure 4.6: Comparison between the CNN and the best-performing ML configuration
for each window duration 𝑇𝑤.

F𝑇𝑤-PCA and RF with F𝑇𝑤-RFE-RF; for example, RF with RFE-RF features reaches 67.9%
at 70 ms and 71.7% at 100 ms. For longer windows (𝑇𝑤 ≥ 200 ms), RF combined
with F𝑇𝑤-RFE-RF consistently provides the best ML performance, with test accuracies of
78.2%, 82.6%, and 90.0% at 𝑇𝑤 = 200, 300, and 400 ms, respectively. Overall, across
all windows and feature subsets, the feature-based approaches achieve test accuracies in
the range 50.5%–90.0%, with the highest value obtained by RF with RFE-RF features
at 𝑇𝑤 = 400 ms.

In parallel, a convolutional model was trained directly on the windowed raw signals
using the same train–validation–test split. Its test accuracy as a function of 𝑇𝑤 is
reported in Fig. 4.6, together with the best-performing ML configuration at each window.
The CNN consistently outperforms the classical models for all window durations. At
𝑇𝑤 = 50 ms, the CNN achieves a test accuracy of 86.3%, compared to 59.2% for the best
ML configuration (KNN with F50-PCA), yielding an absolute gain of 27.1 percentage
points. This advantage gradually decreases as more temporal information becomes
available but remains substantial: at 𝑇𝑤 = 200 ms the CNN reaches 93.2% versus 78.2%
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Table 4.5: Summary of the statistical analyses performed for the 100 ms configuration
in Chapter 4.

Analysis Test Comparison 𝑝-value Conclusion

Classical pipeline
comparison

Cochran’s 𝑄 SVM (F100-RFE-SVM),
KNN (F100-RFE-L1), RF
(F100-RFE-R1), SLFNN
(F100-RFE-L1)

2.42 × 10−37 Significant overall differ-
ence among the classical
pipelines

Classical pipeline
comparison (post-
hoc)

McNemar +
Holm

RF (F100-RFE-RF) vs SVM
(F100-RFE-SVM)

1.01 × 10−36 RF significantly outper-
formed SVM

Classical pipeline
comparison (post-
hoc)

McNemar +
Holm

RF (F100-RFE-RF) vs KNN
(F100-RFE-L1)

1.52 × 10−5 RF significantly outper-
formed KNN

Classical pipeline
comparison (post-
hoc)

McNemar +
Holm

RF (F100-RFE-RF) vs SLFNN
(F100-RFE-L1)

2.26 × 10−16 RF significantly outper-
formed SLFNN

Final offline com-
parison

McNemar RF (F100-RFE-RF) vs 1D-CNN 2.15 × 10−66 1D-CNN significantly
outperformed the best
classical pipeline

Condition analysis Likelihood-
ratio test

TCP main effect 2.47 × 10−1 No significant TCP effect

Condition analysis Likelihood-
ratio test

GF main effect 6.29 × 10−1 No significant GF effect

Condition analysis Likelihood-
ratio test

TCP × GF interaction 6.94 × 10−1 No significant interaction
effect

for RF with F200-RFE-RF, and at 𝑇𝑤 = 400 ms it attains 96.2% compared to 90.0% for
the best ML configuration (RF with F400-RFE-RF). Averaged across all tested window
durations, the CNN improves test accuracy by approximately 18 percentage points over
the best feature-based model.

To support the descriptive comparison above with formal inferential evidence, sta-
tistical analyses were carried out on the selected 100 ms configuration. The main results
are summarized in Table 4.5.

First, classical model selection at 100 ms was evaluated at the level of complete
classical pipelines. Since feature selection in this chapter was implemented in a classifier-
specific manner, the inferential comparison focused on the final candidate pipelines rather
than on a single pooled feature-selection factor. Cochran’s 𝑄 test revealed a significant
difference among the classical pipelines (𝑝 = 2.42×10−37). Post-hoc pairwise McNemar
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tests with Holm correction showed that all pairwise differences were significant, with RF
trained onF100-RFE-RF achieving the highest accuracy (71.73%), followed by KNN trained
on F100-RFE-L1 (65.62%), SLFNN trained on F100-RFE-L1 (59.98%), and SVM trained on
F100-RFE-SVM (54.64%). The best classical pipeline was then compared against the 1D-
CNN using McNemar’s test. The result was highly significant (𝑝 = 2.15 × 10−66),
confirming that the 1D-CNN (92.15%) significantly outperformed the best classical
machine-learning pipeline (71.73%).

These results indicate that feature-based classifiers can exploit longer windows to
achieve competitive performance, especially RF trained on the RFE-RF subset, yet the
end-to-end CNN provides consistently higher accuracy at all temporal resolutions. For
this reason, the CNN trained at the selected window duration of 100 ms was adopted as
the predictive model in the real-time classification pipeline.

4.4.3 Scenario-wise performance across TCP and GF conditions

To further characterise the behaviour of the selected CNN at the window duration
𝑇𝑤 = 100 ms, we analysed its performance as a function of the experimental scenario,
defined by the combination of target closed position (TCP ∈ {1, 2, 3}) and grasping
frequency (GF ∈ {0.2, 0.3, 0.4, 0.5} Hz). For each TCP–GF pair, a confusion matrix
was computed on the corresponding subset of the test data, considering the five hardness
classes 𝐻3, 𝐻5, 𝐻7, 𝐻10, 𝐻12. The resulting 3× 4 grid of confusion matrices is shown
in Fig. 4.7, with entries reported as row-normalised percentages.

Across all scenarios, the CNN maintains a high level of performance, with scenario-
wise test accuracies ranging from 83.5% to 96.1%. The lowest accuracy is obtained
for the condition TCP 1, GF 0.2 Hz (83.5%), whereas the best-performing scenario is
TCP 3, GF 0.3 Hz, where the accuracy reaches 96.1%. When aggregated over all TCP
and GF conditions, the overall test accuracy at 𝑇𝑤 = 100 ms is 92.1%, in line with the
global result reported in the previous subsection.

To assess whether these descriptive variations corresponded to statistically mean-
ingful condition effects, an additional trial-level analysis was performed on the final
1D-CNN. Since TCP and GF are defined for the original grasping trial, window-level
predictions were first aggregated by averaging the confidence vectors of all windows
belonging to the same trial, and the final trial label was assigned as the class with the
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Figure 4.7: Scenario-wise confusion matrices for the CNN at window duration 𝑇𝑤 =

100 ms. Rows correspond to target closed position (TCP levels 1–3) and columns to
grasping frequency (GF ∈ {0.2 − −0.5} Hz)

highest mean confidence. The resulting trial-level accuracies remained uniformly high
across all tested levels, reaching 98%, 100%, and 99% for TCP levels 1, 2, and 3, re-
spectively, and 98.67%, 98.67%, 98.67%, and 100% for GF values of 0.2, 0.3, 0.4, and
0.5 Hz, respectively. However, formal likelihood-ratio tests did not reveal any significant
effect of TCP (𝑝 = 0.247), GF (𝑝 = 0.629), or their interaction (𝑝 = 0.694) on classifi-
cation correctness. Therefore, although some window-level scenario-wise fluctuations
can be observed descriptively, the final CNN can be considered robust across the tested
operating conditions at the trial level.

Analysing the per-class recalls averaged across all scenarios reveals a consistent
descriptive pattern. The intermediate and higher hardness levels are classified very
reliably, with mean recalls of 94.7% for 𝐻5, 95.2% for 𝐻7, 92.1% for 𝐻10, and 94.8%
for 𝐻12. In contrast, the softest object 𝐻3 is more challenging, with an average recall
of 84.7%. This tendency is particularly visible in some scenarios, such as TCP 1,
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GF 0.3 Hz and TCP 3, GF 0.4 Hz, where the recall for 𝐻3 decreases to 64.7% and
71.0%, respectively. In most cases, misclassifications of 𝐻3 are biased towards harder
classes, especially 𝐻10 and 𝐻12, indicating a descriptive tendency of the model to
overestimate hardness for the softest stimuli under some operating conditions.

A complementary descriptive pattern emerges from the confusion matrices of the
hardest class, 𝐻12. Its recall remains consistently high across scenarios, often at or
above 90%, with the majority of errors corresponding to confusions with 𝐻10. Large
confusions between intermediate hardness levels (e.g., 𝐻5 vs. 𝐻7) are rare, and the
corresponding matrix entries remain small across TCP–GF conditions. This suggests
that the learned representation largely preserves the ordinal structure of the hardness
levels, such that when errors occur, they mostly involve neighbouring classes rather than
arbitrary swaps.

Overall, Fig. 4.7 shows that the CNN provides robust hardness discrimination across
the full range of TCP and GF settings. While some descriptive degradation can be
observed in specific scenarios, particularly for the softest class 𝐻3, the formal trial-level
analysis indicates that these variations do not translate into statistically significant effects
of TCP, GF, or their interaction. These results support the suitability of the selected
CNN as the core of the real-time pipeline under varying contact dynamics.

4.4.4 Probabilistic analysis and confidence calibration

For the best-performing CNN at𝑇𝑤 = 100 ms, we further analysed the probability output
of the softmax layer to assess how reliable the predicted confidence is and how errors
are distributed across classes. Each test window produces a probability vector p ∈ R5

over the hardness classes 𝐻3, 𝐻5, 𝐻7, 𝐻10, 𝐻12 (corresponding to 3%, 5%, 7%, 10%,
and 12% infill), from which we define the maximum probability 𝑝max = max𝑐 𝑝𝑐, the
probability assigned to the true class 𝑝true, and the rank of the true class in the ordered
probability vector.

4.4.4.1 Calibration of Predicted Probabilities

To assess the reliability of the predicted probabilities, we computed a calibration (relia-
bility) curve by binning the maximum predicted probability 𝑝max into ten equally spaced
confidence intervals and measuring the empirical accuracy in each bin (Fig. 4.8).
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Figure 4.8: Reliability diagram for the CNN at 𝑇𝑤 = 100 ms. Test predictions are
grouped by maximum softmax probability, and, for each bin, the mean confidence is
plotted against the empirical accuracy. The dashed line represents perfect calibration.

For low to intermediate confidence values (𝑝max ∈ [0.3, 0.6)), the model exhibits
moderate calibration variability: for example, predictions with mean confidence around
0.46 achieve an empirical accuracy of approximately 0.56, whereas those with mean
confidence around 0.56 are correct only in about 0.38 of the cases.

In the higher confidence regime the behaviour stabilizes: predictions with mean
confidence around 0.65 and 0.75 achieve empirical accuracies of roughly 0.70 and 0.66,
respectively, while very confident outputs with 𝑝max ∈ [0.9, 1.0] (mean confidence
≈ 0.99) are correct in 97.5% of the windows.

Overall, the CNN is reasonably well calibrated in the high-confidence region and
slightly conservative in the mid-confidence range. From an application perspective,
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Figure 4.9: Top-𝑘 test accuracy of the CNN at 𝑇𝑤 = 100 ms.

this suggests that a confidence threshold in the range 𝑝max ≥ 0.9 can be used in the
real-time pipeline to trigger highly reliable decisions, whereas predictions with lower
confidence should either be combined across multiple windows (e.g., via majority voting)
or discarded to avoid unstable classifications.

4.4.4.2 Top-𝑘 accuracy and near-miss behavior

The probabilistic behaviour of the CNN trained on 100 ms windows was first analysed
in terms of Top-𝑘 accuracy (Fig. 4.9). On the test set (𝑁 = 895 windows), the standard
Top-1 accuracy, which corresponds to the performance reported in the previous section,
reaches 91.4%. Allowing the true class to appear within the top two predicted probabil-
ities increases the accuracy to 96.8%, while Top-3, Top-4, and Top-5 accuracies reach
98.7%, 99.6%, and 100%, respectively. This indicates that when the network makes
a mistake, the correct label is typically very close to the decision boundary and still
receives a relatively high probability.
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Figure 4.10: Rank of the true class among the model probabilities for misclassified test
windows.

This observation is further quantified in Fig. 4.10, which reports the distribution of
the rank of the true class among the model’s probabilities for misclassified windows
only (𝑁mis = 77). In 62.3% of these cases the true class is ranked second, in 22.1% it is
ranked third, in 10.4% it is ranked fourth, and only in 5.2% of the misclassified windows
the true class appears as the lowest-ranked label. Consequently, the true hardness class
lies within the Top-3 predictions in 84.4% of misclassified windows and within the
Top-4 in 94.8% of them. Taken together, these results show that most errors are “near
misses”, and suggest that Top-𝑘 or voting-based strategies can effectively exploit the full
probability vector to increase robustness in the online setting.

4.4.4.3 True-class confidence distribution

Finally, we examined how the model distributes probability mass across the five hardness
classes by inspecting the probability assigned to the true class 𝑝true for each test window.
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Figure 4.11: Mean confidence assigned to the true class, aggregated by hardness level
𝐻1–𝐻5, with error bars indicating one standard deviation.

Figure 4.11 summarizes, for each hardness level 𝐻1–𝐻5, the mean confidence assigned
to the true label together with one standard deviation.

The mean confidence values are 82.7% for 𝐻1, 90.4% for 𝐻2, 91.4% for 𝐻3, 84.0%
for 𝐻4, and 94.6% for 𝐻5, with relatively large standard deviations (between ≈ 22% and
≈ 30%) reflecting the variability across indentation conditions. Despite this variability,
the medians for all classes are close to or above 95%, indicating that when the network
predicts the correct hardness, it usually does so with high confidence.

The combination of (i) high Top-𝑘 accuracy, (ii) a well-behaved calibration curve
in the high-confidence regime, and (iii) consistently strong confidence on the true class
across hardness levels supports the use of probability-based decision rules in the online
pipeline. In particular, enforcing a minimum confidence threshold and exploiting the
full probability vector (e.g., via Top-𝑘 aggregation across consecutive windows) appears
to be a principled strategy to obtain reliable hardness discrimination in real time.
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4.4.5 Real-time evaluation on the prosthetic hand

To assess whether the performance observed in the offline setting transfers to an online
scenario, the CNN trained on 𝑇𝑤 = 100 ms windows was deployed in the real-time
pipeline and tested on the Hannes hand. Five hardness levels were considered, cor-
responding to the same 3%, 5%, 7%, 10%, and 12% infill objects used in the offline
experiments (denoted 𝐻3, 𝐻5, 𝐻7, 𝐻10, 𝐻12). For each hardness level, three indepen-
dent grasps were performed, yielding a total of 15 grasp events. During each grasp,
the piezoelectric signals were streamed in real time, preprocessed as described in Sec-
tion 4.3.5, segmented into fixed-size non-overlapping 100 ms windows, and fed to the
CNN to produce a softmax probability vector p ∈ R5.

Two complementary performance measures were extracted from the logged data:
(i) an event-level confusion matrix, obtained by assigning a single hardness label to
each grasp event via majority voting over all windows within that event; and (ii) a
confidence-gated analysis based on the threshold motivated by the calibration study
(Section 4.4.4.1). For each window, we define 𝑝max = max𝑐 𝑝𝑐 and 𝑐 = arg max𝑐 𝑝𝑐.
For the confidence-gated analysis, an event is counted as detected if it contains at
least one correct high-confidence window, i.e., a window such that 𝑐 matches the true
hardness label and 𝑝max ≥ 0.9. The detection latency is defined as the time elapsed
between the start time of the first processed window and the end time of the first correct
high-confidence window.

4.4.5.1 Event-level accuracy

Figure 4.12 reports the event-level confusion matrix obtained by majority voting over all
windows within each grasp, without applying any probability threshold. Across the 15
grasp events, 12 were classified correctly, corresponding to an overall online accuracy
of 80.0% at the event level. For three of the five hardness levels, all three grasps were
correctly recognized (event-wise recall 100%), while the remaining two levels exhibited
recalls of 66.7% and 33.3%, respectively. Importantly, the observed errors remain
limited and do not include gross swaps between the softest and hardest objects.

Although the overall event-level accuracy (80.0%) is lower than the offline window-
level Top-1 accuracy at 𝑇𝑤 = 100 ms (91.4%, cf. Fig. 4.9), this difference is expected.
First, the online experiment involves only 15 grasps (3 per hardness), so each error
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Figure 4.12: Event-level confusion matrix for the online experiment with the CNN at
𝑇𝑤 = 100 ms. Each entry corresponds to one grasp event; rows indicate true hardness and
columns predicted hardness. Entries are row-normalized and reported as percentages
(three events per class).

changes the overall accuracy by more than 6 percentage points. Second, each event
aggregates multiple windows; hence, a single misclassified grasp has a stronger impact
at the event level than individual window errors in the offline setting. Finally, the online
grasps were executed naturally, without enforcing the balanced scenario distribution
used in the offline training and test sets, which may introduce additional variability in
contact conditions.
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Table 4.6: Online detection statistics for the CNN at𝑇𝑤 = 100 ms. An event is considered
detected if it contains at least one correct window satisfying 𝑝max ≥ 0.9. Latencies are
measured from the start of the first processed window to the end of the first correct
high-confidence window.

Class 𝑁events 𝑁detected Detection rate (%) Median latency (s)
𝐻3 3 3 100.0 0.21
𝐻5 3 3 100.0 0.11
𝐻7 3 3 100.0 0.32
𝐻10 3 1 33.3 1.91
𝐻12 3 2 66.7 0.85
All 15 12 80.0 0.21

4.4.5.2 Confidence-gated detection and decision latency

To quantify how quickly reliable evidence can emerge online, we analysed the same 15
grasps under the confidence-gated criterion 𝑝max ≥ 0.9, while requiring correctness (𝑐
equals the true label) as defined above. Table 4.6 summarises, for each hardness level
and overall, the number of grasp events 𝑁events, the number of detected events 𝑁detected,
the detection rate, and the median detection latency.

Across all hardness levels, 12 out of 15 grasps exhibited at least one correct high-
confidence window, resulting in an overall detection rate of 80.0%. For the softer/in-
termediate objects (𝐻3–𝐻7), all grasps were detected with typical decision latencies
below 0.35 s. For the two hardest objects (𝐻10 and 𝐻12), detection rates decreased
and latencies increased, indicating that these conditions may require longer temporal
integration before the network produces a correct high-confidence output.

It is important to note that a confidence threshold alone does not guarantee correct-
ness in the online logs: windows with 𝑝max ≥ 0.9 can still correspond to an incorrect
hardness label, particularly for the hardest objects where confusions with neighbouring
classes occur. For this reason, the latency statistics in Table 4.6 are computed ret-
rospectively using the known ground truth, and quantify the time to the first correct
high-confidence evidence within each event. This behaviour is broadly consistent with
the offline reliability analysis, where very high-confidence outputs (𝑝max ∈ [0.9, 1.0])
were correct in 97.5% of the test windows (Section 4.4.4.1), while also highlighting that
the hardest conditions remain the most challenging under fully online variability.
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Taken together, the online results demonstrate that the CNN trained on 100 ms
windows can be deployed in a real-time setting. The event-level accuracy without
thresholding (80.0%) is broadly consistent with offline performance when accounting
for the small sample size and less controlled conditions. Under the confidence-gated
criterion, the system yields correct high-confidence evidence with sub-second latencies
for the majority of grasps, supporting probability-based decision rules as a practical
component toward robust hardness discrimination in real time.

4.5 Discussion

In the broader landscape of tactile perception, hardness (or compliance) inference has
been studied extensively in robotics as part of building artificial touch systems that can
support dexterous manipulation, often leveraging dense tactile sensors and learning-
based mapping from contact signals to material properties [187, ?, 188]; however,
translating these ideas to prosthetic hands introduces additional constraints that are not
always addressed in controlled robotic benchmarks, including wearable integration, sig-
nal robustness, and variability induced by natural grasps. Within this context, the novelty
of this chapter is not the use of a CNN per se, but the demonstration of an end-to-end
tactile perception capability built around (i) a prosthesis-compatible sensorization ap-
proach (a shielded, glove-integrated piezoelectric patch used on the index fingertip), (ii)
a structured yet realistic dataset that explicitly includes multiple hand-closure levels and
grasping frequencies, and (iii) an evaluation that couples offline accuracy with decision
reliability and timing considerations required by real-time operation. The offline results
show that, under substantial variability in contact dynamics (TCP and GF), hardness
information remains consistently recoverable from short non-overlapping windows, and
that end-to-end representation learning yields strong performance even at short temporal
contexts where feature-based models struggle; this supports the practical claim that the
tactile transients captured by the high-bandwidth piezoelectric sensing are informative
enough to discriminate hardness without relying on longer, more stationary segments.
Importantly, the probabilistic analyses (calibration, Top-𝑘 behaviour, and confidence on
the true class) clarify how the model fails: most errors are near misses where the true
hardness still receives high rank, suggesting that probability-vector aggregation can be
exploited beyond Top-1 decisions—an insight that directly motivates majority voting and
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confidence-gated evidence accumulation in the online loop. In real-time, the event-level
results further expose a key prosthetic-relevant phenomenon: while high confidence is
strongly associated with correctness in aggregate, it is not a guarantee under online vari-
ability, especially for neighbouring hard classes, hence the chapter’s deliberate choice
to define detection latency as the time to the first correct high-confidence window; this
definition is conservative but appropriate for prosthetic assistance scenarios where in-
correct, high-confidence outputs could be harmful if used for autonomous control or
user feedback. The resulting detection/latency patterns also provide an interpretable di-
rection for future improvement: the hardest objects (H10/H12) require longer temporal
integration and show reduced detection rates, implying that either richer sensing cover-
age (e.g., multi-finger patches), improved domain robustness (e.g., training with more
diverse contact realizations), or decision strategies that incorporate ordinal structure
(since errors concentrate on neighbours) could further stabilize performance. Finally,
relative to prosthetic research that prioritizes sensory restoration to the user through
neural interfaces [196], this chapter complements that line of work by showing that
fingertip sensorization can be used to infer actionable object properties under realistic
grasp variability, creating a foundation for downstream applications such as adaptive
grasp modulation, automatic parameter tuning of grasp controllers, and context-aware
sensory feedback policies where the system can decide what to convey and when to
convey it based on confidence and latency constraints.

4.6 Conclusion

This chapter presented a prosthetic-hand tactile perception pipeline for hardness dis-
crimination based on a glove-integrated piezoelectric sensing patch used on the index
fingertip of the Hannes hand. A dataset was collected under systematic grasp variabil-
ity by combining five object hardness levels with multiple target closed positions and
grasping frequencies, and tactile signals were processed using non-overlapping windows
to study the trade-off between temporal resolution and classification reliability. Across
window durations, an end-to-end 1D-CNN consistently outperformed feature-based clas-
sical models, and the selected 100 ms configuration achieved strong offline performance
while remaining compatible with real-time use. Probabilistic analyses (calibration, Top-
𝑘 accuracy, and confidence statistics) provided a principled basis for probability-based
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decision rules, motivating majority voting and confidence-gated evidence accumulation.
Finally, real-time tests on the prosthetic hand demonstrated event-level feasibility and
quantified decision latency under streaming operation, highlighting both the practical
utility of confidence-aware inference and the increased difficulty of the most challenging
conditions under online variability. Taken together, the results support the use of wear-
able piezoelectric fingertip sensorization as a viable route to robust hardness perception
on prosthetic hands, and establish the methodological groundwork for future applications
that exploit hardness estimates for adaptive control strategies and/or feedback delivery
policies constrained by reliability and timing.





CHAPTER 5
End-to-End Tactile Sensing and
Electrotactile Feedback system

5.1 Introduction

Modern upper-limb prostheses have progressed substantially in mechanical design, ac-
tuation, and myoelectric control; however, they still provide limited or no somatosensory
information to the user. This missing feedback is not a minor add-on: in the intact neu-
romuscular system, cutaneous and proprioceptive afferent signals continuously inform
grasp regulation, contact localization, slip detection, and interaction timing, and they
are tightly integrated with motor planning and correction. Consequently, the absence of
tactile sensation in prosthetic hands is strongly associated with increased visual attention
demands, slower and less reliable manipulation, reduced embodiment, and user dissat-
isfaction. Recent reviews emphasize that despite strong laboratory evidence supporting
sensory substitution or restoration, most commercial prostheses still do not incorporate
sensory feedback, largely due to challenges that span hardware integration, robustness,
usability, calibration burden, and the lack of standardized outcome measures that reflect
real-world performance [189, 190].

Addressing these limitations requires moving beyond isolated components (a sensor
here, a stimulator there) toward end-to-end closed-loop solutions that can operate in
real time and remain stable across subjects and sessions. At a system level, an effective
feedback pipeline for upper-limb prosthetics must (i) acquire tactile information with
adequate spatial coverage and bandwidth, (ii) transform raw signals into robust contact
descriptors under variable grasp dynamics, (iii) encode the information into stimulation
patterns that are learnable and interpretable, and (iv) deliver those patterns through a
wearable interface that is comfortable, safe, and scalable in channel count. The literature
contains several important steps in this direction. Invasive and semi-invasive approaches
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(e.g., peripheral nerve interfaces) can elicit more natural sensations and have demon-
strated functional benefits, but they require surgery and careful long-term management
[197, 190]. Non-invasive approaches based on vibrotactile, mechanotactile, skin-stretch,
or electrotactile stimulation are attractive for broader translation because they can be de-
ployed without surgical intervention, but they face constraints in information bandwidth,
spatial selectivity, and day-to-day repeatability [122, 189].

Within non-invasive strategies, multi-site stimulation has emerged as a key enabler
of richer percepts and improved performance compared to single-channel cues. For
example, multi-channel haptic feedback has been shown to unlock higher dexterity
in demanding manipulation tasks when vision is limited, illustrating the importance
of distributing feedback over the limb rather than compressing it into a single scalar
signal [198]. In parallel, recent work has explored how to convey higher-level object
interaction descriptors (e.g., contact extent) using electrotactile patterns, supporting
the general notion that spatially structured stimulation can communicate interaction-
relevant information beyond simple event alerts [199]. A particularly relevant milestone
for prosthetic-oriented distributed feedback is the full-hand electrotactile framework that
combines an electronic skin with matrix electrodes to achieve high-bandwidth human–
machine interfacing, demonstrating the feasibility of scaling stimulation and sensing
toward hand-like distributions [200].

Despite these advances, two gaps remain prominent when considering practical
upper-limb prosthetic deployment. First, many studies focus on a single feedback variable
(e.g., grip force magnitude or slip), whereas everyday grasping requires interpreting a
mixture of where contact occurs, how contact spreads across digits, and how contact
evolves over time. Second, only a limited subset of works demonstrate an integrated
real-time pipeline in which distributed tactile sensing on a prosthetic hand is mapped
in a structured manner to distributed stimulation on the user, with an experimental
evaluation that spans multiple perceptual tasks. This motivates the need for systems
that are simultaneously (i) high-channel and distributed, (ii) real-time and robust, and
(iii) assessed across representative perceptual dimensions that matter for manipulation
(spatial localization, contact extent, grasp state, temporal dynamics, and material-related
cues) [189, 122, 190].

In this chapter, we address these challenges by presenting an end-to-end sensory
feedback system that translates tactile events detected by a 64-sensor piezoelectric e-
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skin integrated on the fingertips and palm of a prosthetic hand into spatially organized
electrotactile sensations delivered through flexible matrix electrodes. A key design
principle is the nearly one-to-one mapping between tactile sensors, stimulation channels,
and electrode pads, which preserves topographic organization and enables intuitive
spatial coding while maintaining real-time operation. We evaluate the resulting pipeline
in healthy subjects using five experiments designed to probe complementary perceptual
dimensions: Finger/palm Detection (FD), object Size Detection (SiD), Closed-hand
Position (PD), speed of contact (SpD), and Hardness Detection (HD). By combining
distributed sensing, embedded acquisition, real-time event detection, and distributed
stimulation with a multi-task psychophysical assessment, the proposed framework aims
to fill the translation gap between laboratory demonstrations of isolated feedback cues
and practical, scalable closed-loop feedback for upper-limb prostheses.

This chapter is organized as follows. Section 5.2 describes the system hardware and
integration (prosthetic sensorization, interface electronics, and stimulation interface)
and details the real-time signal processing and mapping strategy. Section 5.3 presents
the experimental setup, protocol, and the five evaluation tasks. The quantitative results
are then reported and analyzed in section 5.4 using aggregated performance metrics
and confusion-matrices structures to highlight both strengths and failure modes of the
encoding. Finally, in section 5.5 we discuss the implications of recent state-of-the-art
sensory feedback systems and outline directions for improving temporal and material-
property discrimination while preserving strong spatial performance.

5.2 Materials and Methods

5.2.1 System description

The proposed system (figure 5.1) includes: i) piezoelectric sensing arrays (Tactile
sensing system),ii) embedded electronics for signal acquisition,iii) Hannes prosthetic
hand,iv) electrotacile stimulator,v) flexible surface electrodes and, vi) host PCs, first
PC (2.3 GHz, 32GB), second PC (3.0 GHz, 32GB).The e-skin converts the mechanical
contact into a set of electrical signals (one signal per sensor). When the prosthetic hand
perform a grasp and a contact occurs between the sensors and the object the sensor
signals are then sampled by the embedded electronics, processed and sent to one of
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Figure 5.1: System Architecture. The system comprises an e-skin of 64 sensors, in-
terface electronics for signal acquisition, and a multichannel stimulator with 4 flexible
matrix electrodes integrating 64 electrode pads to deliver electrotactile stimulation to
the subject. Consequently, the system translates the tactile data recorded by the e-skin
into electrotactile stimulation delivered in real-time to the subject forearm.

the host PCs. The signals are then filtered and when sensor output exceeds a given
threshold contact events are detected, and the activated sensors are highlighted on the
graphical user interface on the PC (visual feedback). This information is used to set the
state (on/off) of the corresponding stimulation channels (mapping between sensors and
stimulation pads is presented in section5.2.3. The PC generates appropriate stimulation
commands and sends them to the stimulator via Bluetooth. The electrotactile stimulation
is delivered to the subject through matrix electrodes placed on the volar and dorsal sides
of the hand. As the feedback pipeline runs in real-time, the tactile interaction recorded
by the electronic skin is translated online into dynamic tactile sensations elicited across
the subject’s hand. 5.1 illustrates the online pipeline of the system.

5.2.1.1 Hannes hand Sensorization

1. Sensing arrays:

The sensing technology used in chapters 3 and 4 was used in this activity. In
this study, we used a fully screen-printed flexible sensor array based on piezoelec-
tric polymer poly(vinylidene fluoride trifluoro-ethylene) (P(VDF-TrFE)) sensors,
fabricated by JOANNEUM RESEARCH [201]. Each sensor is composed of
three layers: a bottom electrode printed on a flexible PCB (100 𝜇m thick), a
ferroelectric polymer P(VDF-TrFE) layer (5.1 𝜇m thick), and an electrode on top
(PEDOT:PSS). The sensor is protected by a UV-curable lacquer layer. The whole
structure was screen printed on a transparent and flexible PET (175 𝜇m thick) sub-
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Figure 5.2: Image presents the geometry of the piezoelectric sensors used in this exper-
iment. Also, it shows how the sensors are distributed in each sensing array. Moreover,
it shows where each type of sensing array was integrated on the prosthetic hand.

strate. The fabrication technology was presented and validated in [41]. It is worth
noting that piezoelectric polymer sensors have a bandwidth integrating those of all
mechanoreceptors in the human skin. This kind of sensor can therefore measure
dynamic contacts and infer information about static and dynamic contacts through
data processing. A complete set of sensing arrays with different geometries and
sensor distributions (range 8 - 18 sensors) was developed to fit the fingers and
palm of the Hannes hand. Figure 5.2 shows the geometry, sensor distribution and
size of the sensing arrays while figure 5.1.b highlights sensor distribution over the
fingers and palm of the Hannes hand. The finger sensing arrays were designed to
fit on the fingertips easily.

2. Sensor Integration:

Following the activity developed in 4 and the developed sensorization in section
4.2.1.2, some challenges regarding the system were discovered. To extend the pre-
vious sensorization into a complete distributed tactile sensing system, additional
sensing arrays were integrated on the hand, and further mechanical modifications
were introduced in the glove structure. To facilitate mounting and removal of the
glove on the prosthetic hand, the outer glove was mechanically modified. First,
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the finger portions of the outer glove were cut so that each finger became an
independent sleeve rather than being connected to the main body of the glove.
This modification simplified the positioning of each finger segment on the corre-
sponding prosthetic finger. In addition, an opening was created along the radial
side between the thumb and the wrist. Between the transparent inner glove and
the outer glove, two 3D-printed silicone straps were integrated (figure 5.1 block
Sensorized Prosthetic Hand.C), forming belt-like structures that wrap around the
hand from the dorsal and lateral sides. Once the glove assembly was correctly
positioned, these silicone “belts” were tightened and closed, thereby securing the
outer glove to the inner glove and preventing relative motion between the glove and
the prosthetic hand. Although the finger sleeves of the outer glove were no longer
connected to the main glove body, the transparent inner glove fit tightly around the
prosthetic fingers, which prevented the finger segments from being peeled off dur-
ing grasping and object manipulation. After these mechanical modifications, the
sensing arrays were integrated as described in Section 4.2.1.2. Each sensing array
was glued to the transparent inner glove at the fingertip using silicone glue, and a
second thin layer of the same glue was applied on top of the sensors before mount-
ing the corresponding portion of the outer glove. As shown in Fig.5.3 a, 14 sensors
were distributed over the thumb, while 8 sensors were placed on the fingertip of
each of the index, middle, ring, and little fingers using identical sensing arrays.
The remaining 18 sensors were positioned on the palm region to cover the palmar
(volar) surface of the hand. A small PCB with four FPC sockets was fixed to the
dorsal side of the hand inside a protective box using the same silicone adhesive
tape and used to route the sensor signals to the interface electronics. The sensing
arrays were connected to this PCB via flexible printed-circuit (FPC) tails, and hot
glue was applied locally to stabilize the track–socket junctions mechanically.

5.2.1.2 Interface Electronics

The embedded electronics used in this study is an extended version of the systems pre-
sented in the previous chapters. Compared to the previous design that can accommodate
up to 32 sensors, the current design can handle up to 64 sensors through two daisy-
chained analogue-to-digital converters (DDC232, Texas Instruments) [202] mounted on
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the top and bottom side of the PCB. The two DDC232 were daisy-chained in order to
avoid data loss during the acquisition process. Four sockets (two on the top side and two
on the bottom side) acquire signals from 64 sensors where each block accommodates
16 sensors. The BL600 module is used to read, process and transmit sensor data. Our
solution provides more channels with respect to analogous state-of-the-art electronic
systems to acquire and process data from piezoelectric tactile sensors for touch sensing
with robotic hands. In particular, the interface electronics for the system on chip device
for prosthetic applications presented in [203] offers 13 channels only, while the voltage-
mode approach to read PVDF taxel outputs proposed in [204] only manages data from
nine sensors. In the present study, the embedded electronics was configured to collect
and process tactile data from 64 sensors at 2K samples/s. The 2 kHz sampling rate was
used to capture the full bandwidth of the sensor, which is beneficial for detecting the
onset of contact events characterized by steep increases or decreases in the signal.

5.2.1.3 Feedback System

1. Electrotactile stimulator:

The feedback interface employs a 64-channel programmable, battery-powered
electrotactile stimulator (extended "Tactility", Tecnalia Research and Innovation,
Spain [205]). This device is an upgraded version of the 32-channel stimulator used
in previous work, developed by the same company and sharing the same electrical
specifications [206]. The stimulator generates biphasic symmetric current pulses
that can be distributed in time and space over 64 independently controllable
channels. It is fully programmable, and the stimulation parameters can be adjusted
online by sending text commands from the host PC via a Bluetooth connection.
The amplitude of the current pulses can be modulated in the range 0–10 mA in
steps of 0.1 mA; the pulse width can be set between 50 and 5000 𝜇s in steps of
10 𝜇s; and the stimulation frequency can be adjusted with 1 Hz resolution up to a
maximum of 400 Hz. In the present work, 62 channels were configured as cathodes
and 2 as anodes. Electrotactile feedback was delivered in a dynamic, event-based
fashion: stimulation was enabled only when the sensor response crossed predefined
thresholds associated with ongoing contact changes, and it was kept off when the
sensor output remained within the non-active range. The PC sends stimulation
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commands to the stimulator to activate or deactivate the corresponding electrode
pads according to these threshold-based events. The 64 output channels of the
stimulator were connected to custom electrodes, as described in the next section.

2. Electrodes:

In the present work, the stimulator was connected to four biocompatible flexible
matrix electrodes produced by Tecnalia Serbia. Each electrode was fabricated
using polyester substrate, an Ag/AgCl conductive layer, and an insulation coat-
ing covering the conductive leads. Each matrix integrated 16 stimulation pads
arranged in a 4×4 grid, yielding a total of 64 pads across the four electrodes. The
pads on the matrices were used as active stimulation sites to elicit electrotactile
sensations on the skin of the user’s hand, while two larger self-adhesive electrodes
acted as common references (anodes) for the array. To improve electrode–skin
contact and ensure stable current delivery, all stimulation pads were covered with
conductive biocompatible hydrogel (AG725, Axelgaard, DK).

5.2.2 Signal Processing

A real-time algorithm was developed to extract binary contact information from the
dynamic voltage signals produced by an array of piezoelectric sensors embedded in a
prosthetic interface. Each sensing point within the array was treated as an independent
input channel, enabling parallel processing and facilitating localized contact detection.
The binary information, in this context, indicates the presence (“1”) or absence (“0”) of
contact on the sensor surface.

The processing pipeline begins with an initialization phase wherein a fixed-length
buffer of initial samples is collected for each channel. This buffer is used to estimate and
remove the DC offset, calculated as the mean value per channel. The estimated mean is
subtracted from all subsequently acquired data in that channel to eliminate baseline drift
and inter-sensor bias. This step ensures that each channel operates on a zero-centered
signal, allowing consistent interpretation of dynamic variations across different sensor
locations.

Following offset correction, the data stream is filtered using an exponential moving
average (EMA) filter. The EMA filter, selected because it is convenient for implemen-
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tation, is expressed as [207]:

𝑦[𝑛] = 𝛼𝑥 [𝑛] + (1 − 𝛼)𝑦[𝑛 − 1], (5.1)

where 𝑥 [𝑛] is the current input, 𝑦[𝑛] is the current output, and 𝑦[𝑛 − 1] is the previous
output; 𝛼 is a factor used to set the cut-off frequency. In this work, the parameter 𝛼
was set to 0.09, which corresponds to a cut-off frequency of approximately 30 Hz. The
EMA thus serves as a low-pass filter, attenuating high-frequency noise while preserving
rapid transients associated with tactile events. This filtered signal is then used for further
processing and decision-making.

To define detection thresholds, a buffer of size 𝑁 samples (chosen by the user) is filled
with data acquired in the absence of contact with the sensors, reflecting the non-contact
state. In earlier implementations, the algorithm utilized the first and third quartiles (𝑄1

and 𝑄3) to characterize this baseline; however, the updated approach adopts a simpler
and more robust strategy by computing the minimum and maximum values within the
baseline segment. These extrema are then scaled to derive asymmetric thresholds for
event detection. Specifically, the upper threshold is defined as

𝑇1 = 𝛼th · | max |,

and the lower threshold as
𝑇2 = −𝛼th · | min |,

where 𝛼th is a scalar amplification factor (e.g., 𝛼th = 7). To prevent sensitivity to minor
fluctuations, a deadband region is defined using broader limits based on scaled values
of 𝑇1 and 𝑇2, ensuring that only significant deviations trigger event detection.

The thresholded signal is then processed using a finite state machine consisting of
two primary states: "steady" and "active". While in the “steady” state, the system
monitors the filtered signal and remains idle until the signal exceeds either 𝑇1 or 𝑇2.
Once a threshold is crossed, the state transitions to "active", and a cumulative integration
process begins. The cumulative signal 𝑋 (𝑡) is computed iteratively as

𝑋 (𝑡) = 𝑋 (𝑡 − 1) + 𝑣(𝑡), (5.2)
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where 𝑣(𝑡) is the filtered and thresholded signal at time 𝑡. This cumulative transforma-
tion enhances sustained signal deviations while suppressing high-frequency noise and
transient oscillations. If the signal re-enters the deadband region, the state returns to
“steady”, and a decay mechanism is applied to 𝑋 (𝑡) using

𝑋 (𝑡) = 𝑋 (𝑡) − 𝑋 (𝑡)
𝛽
, (5.3)

where 𝛽 is a decay factor (e.g., 𝛽 = 10), gradually resetting the cumulative signal to zero
to avoid long-term drift.

To detect binary events, a peak detection algorithm is applied to the absolute value
of the cumulative signal. A running maximum is continuously updated during the
"active" state. When the current signal magnitude falls below the running maximum,
the algorithm interprets this as a potential local peak. To avoid redundant detections due
to oscillations or noise, a refractory period is enforced using the parameter skipSamples,
which defines the minimum number of samples to skip before allowing a new peak
to be registered. This refractory mechanism is controlled via a decrementing counter
skipCounter, which resets to skipSamples upon every confirmed peak and disables
further detections until it reaches zero. As a result, a binary signal is created for each
sensor, effectively representing the interaction occurring on its surface.

5.2.3 Mapping sensors to electrodes

In the present work, the number of stimulation channels of the extended electrotactile
stimulator, the number of pads in the electrode arrays, and the number of tactile sensing
elements on the prosthetic hand were approximately matched. This allowed us to imple-
ment a nearly one-to-one mapping between tactile sensor outputs, stimulator channels,
and electrode pads, without the need to group multiple sensors or pads on the same
channel. The cathodic outputs of the stimulator were routed to the pads of the four 4×4
electrode matrices, whereas an additional channel was connected to a large self-adhesive
electrode used as a common anode to close the stimulation circuit.

Each tactile sensor in the glove was associated with a dedicated stimulation electrode
and its corresponding cathodic channel. Sensors located on the thumb, fingers, and palm
were mapped to electrode pads in an orderly fashion, preserving the relative organization
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Figure 5.3: (a) Sensor distribution within the sensorized glove of the Hannes hand. The
sensors are numbered, and each sensor is associated to a stimulation pad on a matrix
electrode on the subject forearm as shown in (b). (b) Electrodes and anode placement
on the subject forearm, where 2 electrodes were placed on the dorsal side of the forearm
and 2 on the volar side. The anode was placed on the dorsal side between the electrodes.
Each stimulation pad has the number of the sensor that it represents.

of the digits and the palmar (volar) region (see Fig.5.3). For each sensor-channel-
electrode triplet, the stimulation channel was activated whenever the corresponding
sensor detected a contact event (binary state "1") according to the real-time algorithm
described in Section 5.2.2, and was deactivated when the sensor returned to the non-
contact state (binary state "0"). This one-to-one, event-based mapping ensured that local
contact events on the prosthetic hand were encoded by spatially localized electrotactile
sensations on the user’s skin.

In addition to preserving a nearly one-to-one correspondence between sensors, chan-
nels, and pads, the spatial arrangement of the stimulation electrode on the forearm was
defined according to a structured topographic transposition logic, rather than by arbitrary
placement. The main objective was to preserve, as much as possible, the relative spatial
organization of the tactile events detected on the prosthetic hand while keeping the result-
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ing feedback easy to interpret and memorize. In particular, neighboring fingers on the
hand were assigned to neighboring stimulation regions on the forearm, and the internal
arrangement of the pads within each matrix was selected so as to preserve the orien-
tation of the corresponding sensing elements. For example, when the matrix electrode
was positioned on the volar side of the forearm, the stimulation points corresponding
to the index finger were placed on the left side of the matrix, and those corresponding
to the middle finger on the right side, so that the relative lateral order of the fingers
was maintained after conceptually transposing the hand onto the forearm. Likewise, the
stimulation points allocated to each finger were organized from top to bottom in a way
that preserved the distal-to-proximal progression of the sensing elements, starting from
the fingertip region and then extending toward the more proximal part of the finger. The
thumb and palm regions were instead assigned to distinct areas, including the dorsal side
of the forearm, in order to improve perceptual separability, avoid excessive crowding,
and maintain a clearer spatial distinction for these functionally important hand regions.
Therefore, the adopted layout is interpreted as a deliberate compromise between topo-
graphic fidelity, perceptual discriminability, and ease of memorization, rather than as
the only possible mapping strategy.

Alternative mapping strategies are nevertheless possible and are important to con-
sider when interpreting the present results. A first alternative is a regional grouping
strategy, where multiple neighboring sensors are merged and drive a single pad or pad
cluster; this reduces channel requirements and may increase robustness, but at the cost of
spatial resolution. A second alternative is a hybrid spatial-intensity mapping, in which
spatial position is preserved while stimulus amplitude, pulse width, or burst duration
encodes an additional tactile variable such as contact strength or hardness. A third
option is a sequential or scanning strategy, where a reduced number of pads are activated
in time-multiplexed patterns to represent larger contact areas. The nearly one-to-one
strategy was selected in this thesis because it offers the most direct way to test whether
topographic information from a distributed e-skin can be preserved perceptually before
introducing additional encoding dimensions or compression rules.
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5.2.4 Rationale for the chosen forearm mapping

The adopted sensor-to-stimulation mapping was designed to preserve, as much as pos-
sible, the spatial localization of tactile events detected on the prosthetic hand while
remaining easy for the user to learn and memorize. In particular, a nearly one-to-one
mapping between sensing elements and stimulation pads was selected in order to convey
not only the occurrence of contact, but also its approximate location on the artificial hand
surface. The forearm distribution was therefore not chosen arbitrarily, but according to
a structured topographic transposition logic: hand regions that are spatially or function-
ally related on the prosthesis were mapped to neighboring regions on the forearm, while
maintaining a clear and interpretable organization of the stimulation layout. For this rea-
son, the index and middle finger regions were positioned next to each other, and similarly
the ring and little finger regions were kept adjacent, so that the relative neighborhood
relationships of the fingers were preserved in the remapped feedback layout.

In addition, the chosen arrangement across the volar and dorsal sides of the forearm
was motivated by perceptual clarity and channel separability. The thumb and palm
regions were intentionally assigned to distinct forearm areas because they correspond to
functionally important contact zones and include a sufficiently large number of sensing
elements to justify a dedicated spatial representation. This separation was expected to fa-
cilitate interpretation of the evoked sensations and to reduce perceptual crowding, while
remaining consistent with the one-to-one mapping philosophy adopted in this work.
Thus, the selected forearm layout should be interpreted as a deliberate compromise be-
tween topographic fidelity, perceptual discriminability, and ease of memorization, rather
than as the only possible mapping strategy. Other mapping organizations may also be
feasible, and their comparison represents an important direction for future investigation.

5.3 Experimental Assessment

5.3.1 Experiments

Five experiments were designed to assess whether the feedback system can convey
dynamic patterns in which contact changes over time (i.e., sliding across fingers, grasp
characteristics). In one of the tests, the experimenter touched the e-skin, and in the rest,
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Figure 5.4: Experimental setup from experimenter perspective. Experimenter is inter-
acting with the GUI’s to control the prosthetic hand and monitor the performance of the
end-to-end feedback system through the LabView GUI.

the hand was manipulated by the experimenter to grasp objects; those interactions with
the sensors fired the detection algorithm, and touch was detected and transmitted to the
subjects, who were asked to focus on the elicited sensations and interpret the feedback.

5.3.1.1 Finger Detection (FD):

This assessment aimed to evaluate whether the feedback system can successfully detect
and convey to the subject the information on static contacts with low spatial resolution.
The sensing areas of the e-skin patch were divided into 6 groups, where each group
represented a sensing array. The 6 groups covered the volar side of the hand, starting by
the fingertips of the fingers and the palm, as shown in figure 5.3.a. Similarly, 59 pads
were selected on the electrodes and organized to form a mapping of the fingertips and
palm in a close way to the hand, as shown in 5.3.b. Touch information was transmitted
to the subject using spatial coding. Touch applied to one of the sensors on the e-skin
was mapped into activating the corresponding stimulation pad in the matrix electrode.
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Figure 5.5: Experimental conditions. (a) Hannes hand grasping three objects, to manip-
ulate 4 different levels of contact, which stimulates different combinations of sensors for
each level. (b) Experimental conditions for the hardness detection experiment, where
three objects of the same size and shape but different hardness are fixed on the same
setup, and the hand moves horizontally in the same line between them.

5.3.1.2 Size Detection (SiD):

The goal of this experiment was to test the effectiveness of the feedback system in
detecting and delivering touch information with higher resolution compared to that used
in the FD experiment. In this case, the hand was used to grasp objects with different
sizes (Figure 5.5 a). Grasping those sizes leads to activating stimulation spots on the
electrodes (figure 5.3) depending on the activated sensors.
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5.3.1.3 Closed Hand Position Detection (PD):

The goal of this experiment was to test the possibility of the feedback system in detecting
and delivering touch information regarding the force applied when grasping. In this
experiment, the hand was fixed to the table. A hard cube used in previous work [173]
was fixed on the test bench as shown in figure 5.4 to ensure a consistent grasp. The hand
was controlled to grasp this object with three different closed hand positions 70%, 85%,
100% (full closure) to ensure an additional squeeze on the object (more force), which
increases the number of sensors in contact with the object, leading to activating more
stimulation pads.

5.3.1.4 Speed of Contact Detection (SpD):

This experiment aimed to test the ability of the system to detect the speed of contact
between the hand and the grasped object. The same setup condition used in the PD
experiment was applied in this one, but instead of changing the closed hand position,
the frequency of grasping was changed between 4 frequencies 0.02 (slowest), 0.05, 0.08,
0.1 (fastest) while fixing the closing hand position to 100%. This difference in the speed
of contact will change how fast the stimulation is spread throughout the subject’s hand,
which helps him differentiate between the classes.

5.3.1.5 Hardness Detection (HD):

The goal of this experiment was to test the ability of the system to detect the hardness
levels of the grasped objects. Three levels of hardness were tested using the 3D-printed
cubes used previously [173] with the levels of filling 3% (Soft), 7%, 12% (Hard) (figure
5.5 b). The same setup used in PD and SD experiments was used in this one, but instead
of fixing only one cube on the test bench, the three were fixed on the test bench, and the
hand was moved by the experimenter in a parallel direction to the cubes and in similar
positions for 3 of them.

5.3.2 Setup and Protocol

Five healthy subjects (male, 𝑎𝑔𝑒27 ± 4 years) participated in the five experiments de-
scribed in subsection 5.3.1. Before starting, the subjects signed an informed consent
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form. Figure 5.4 shows the experimental setup used in all experiments. The experi-
menter was seated comfortably on a chair with their back towards the experimenter and
the setup as shown in figure 5.4 so the subject couldn’t see the hand nor the experimenter
interacting with the hand. The forearm of the dominant hand was placed on the table, and
the matrix electrodes were then positioned on the volar and dorsal side of the subjects
forarm as shown in figure 5.3.b.

The hand was fixed on the table in front of the test bench holding the objects
(figure5.4). The objects used to be held between the gray 3D-printed bars and fixed
with double-sided tape. The interface electronics was connected to a host PC through a
USB and paired with the stimulator through Bluetooth. Two screen monitors were used
during the experiments, one to visualize the HannesApp and then help in controlling
the prosthesis, and the other one to visualize the LabView GUI controlling the sensing
system and the feedback system.

Prior to the experiments, the sensation threshold was determined for each of the 62
pads using the methods of limits by varying the pulse amplitude. The amplitudes were
additionally fine-tuned by the experimenter until the subject reported that the perceived
intensity was similar for all the pads. The pulse rate and pulse width were the same for
all the channels and set to 30 Hz and 100 𝜇s, respectively.

As explained before, the experiments aimed to assess the subject’s ability to identify
the contact patterns applied to the e-skin, captured by the integrated sensing system and
delivered to the subject through electrotactile stimulation via electrode matrix. Each
test started with an introductory phase, in which the subject was presented with an
explanation of the working principles of the sensory feedback system and the feedback
mapping. The same experimental protocol was followed in all the experiments, and it
comprised familiarization, supervised learning, and a validation phase. In all phases,
each touch pattern (class) was presented five times to the subject.

5.3.2.1 Phase 1: Familiarization

In the familiarization phase, the subjects received online visual feedback when seeing the
activity done by the experimenter on the e-skin or the grasp applied by the hand, which
shows the applied touch pattern (sensor activity) and the corresponding stimulation
pattern (pad activity). The subject was asked to use the visual feedback to build a mental
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Table 5.1: Validation-phase performance across subjects for the five discrimination
tasks. Values are mean ± SD across 𝑛 = 5 subjects.

Task #Classes Class definition (stimulus condition) Chance (%) Total trials Accuracy (%)

FD 6 Thumb, Index, Middle, Ring, Little, Palm 16.7 138 94.7 ± 6.5
SiD 4 Size 1: Thumb+Index (pinch); Size 2:

Thumb+Index+Middle; Size 3:
Thumb+Index+Middle+Ring; Size 4: all fingers + palm
contact

25 100 82.0 ± 5.7

PD 3 Closed hand position: 70%, 85%, 100% closure 33.3 75 82.7 ± 10.1
SpD 4 Grasp frequency: 0.02, 0.05, 0.08, 0.10 at 100% closure 25 100 71.0 ± 15.2
HD 3 Hardness: 3% infill (Soft), 7% (Medium), 12% (Hard) 33.3 75 76.0 ± 7.6

Note: FD includes 138 trials (one subject completed fewer valid validation trials for FD). All other tasks
include the full planned number of trials.

mapping between the experienced sensation and the visual description (i.e. touched
sensors, size of grasped objects).

5.3.2.2 Phase 2: Supervised training

In the supervised training phase, online visual feedback was removed, the contact patterns
were randomly applied, and the subjects were asked to guess the applied patterns. The
experimenter then provided verbal feedback on the correct answer. Specifically, the
experimenter said “correct” if the subject successfully guessed the active pattern or
“incorrect” and the experimenter provided the correct pattern to the subject verbally.

5.3.2.3 Phase 3: Validation

During this phase, the protocol was the same as during the supervised training, however,
no feedback on the correct answer was given to the subject. The validation phase was
the main part of the experiment and the results from this phase were used to assess the
performance, while the previous two phases were used as the training.

5.4 Results

Performance was quantified in the validation phase (Phase 3), during which subjects
received no feedback about the correct answer. Table 5.1 reports validation accuracy
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Figure 5.6: Mean validation accuracy across subjects for the five discrimination tasks.
Error bars represent ±1 SD across subjects (𝑛 = 5).

(and balanced accuracy) across the five discrimination tasks, Fig. 5.6 visualizes the same
task-level results, and Fig. 5.7 provides pooled row-normalized confusion matrices that
reveal the dominant misclassification patterns. Since each class was presented five times
per subject in the validation phase, the intended number of validation trials per subject
was 30 for FD (6 classes), 20 for SiD and SpD (4 classes), and 15 for PD and HD (3
classes), resulting in the total trial counts shown in Table 5.1. Notably, FD includes 138
trials rather than 150 because one subject completed fewer valid validation trials for this
task (see Table 5.1).

As shown in Table 5.1 and Fig. 5.6, FD achieved the highest performance
(94.7±6.5%), indicating that the proposed one-to-one sensor–pad mapping enables sub-
jects to localize the stimulated anatomical group (Thumb, Index, Middle, Ring, Little,
Palm) with high reliability, far above chance level (16.7%). The system also supported
consistent discrimination of grasp-related spatial patterns in SiD (82.0 ± 5.7%) and PD
(82.7±10.1%), both well above their respective chance levels (25% and 33.3%). In con-
trast, tasks that relied more strongly on temporal cues or subtle material-property differ-
ences were more challenging, with SpD yielding the lowest mean accuracy (71.0±15.2%)
and the largest inter-subject variability, and HD reaching 76.0 ± 7.6%. Balanced ac-
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curacy matched overall accuracy for all tasks (Table 5.1), confirming that the reported
performance reflects consistent per-class recall rather than being driven by a single class.

The pooled FD confusion matrix in Fig. 5.7 exhibits a pronounced diagonal, with
per-class recalls of 1.00 for Thumb and Middle, 0.957 for Ring and Palm, and 0.913
for Index and Little. Importantly, the few errors that occur are structured rather than
random: Index is primarily confused with Middle (Index→Middle: 0.087), and Little
is primarily confused with Ring (Little→Ring: 0.087), while Ring shows only minor
confusion to Little (0.043) and Palm shows minor confusion to Thumb (0.043). This
indicates that when subjects made errors, they tended to select a neighboring digit group,
which is consistent with spatially adjacent stimulation patterns being perceptually more
similar than non-neighboring ones.

A similar “neighbor-dominant” structure is observed for SiD in Fig. 5.7, where
size classes correspond to progressively larger grasps: Size 1 (Thumb+Index pinch),
Size 2 (Thumb+Index+Middle), Size 3 (Thumb+Index+Middle+Ring), and Size 4 (all
fingers plus palm contact). The most distinctive condition is Size 4, which achieves
the highest recall (0.92), consistent with the spatially extended activation pattern that
includes palm stimulation. Conversely, the largest confusion occurs between Size 3 and
Size 2 (Size 3→Size 2: 0.16), which is expected because these two conditions differ
primarily by the additional involvement of a single digit (Ring). Additional errors remain
concentrated among adjacent grasp sizes (e.g., Size 2→Size 1: 0.12 and Size 2→Size 3:
0.12), supporting that subjects interpreted SiD mainly through the spatial extent of the
elicited stimulation.

For PD, which tested three closure levels (70%, 85%, and 100% closure), Fig. 5.7
shows that the full-closure condition is the most stable (Position 3 recall: 0.92), while
the intermediate level is the most ambiguous (Position 2 recall: 0.72). This ambiguity
manifests as confusions from Position 2 toward both extremes (Position 2→Position 1:
0.12; Position 2→Position 3: 0.16), while Position 1 is mainly confused with Position 2
(0.16). Therefore, PD errors are primarily boundary errors around the intermediate
squeeze level rather than failures to detect closure-related stimulation changes.

Using the same setup but varying grasping frequency, SpD shows a clear trend in
the confusion matrix (Fig. 5.7) whereby recall increases with speed: Speed 1: 0.64,
Speed 2: 0.68, Speed 3: 0.72, and Speed 4: 0.80, indicating that faster grasping
produced more distinctive temporal stimulation cues. Nevertheless, confusions remain
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Figure 5.7: Confusion matrices pooled across subjects for FD, SiD, PD, SpD, and HD
(validation phase). Each row sums to 1; diagonal entries indicate per-class recall.

concentrated among neighboring frequencies, especially for the mid-level condition
(Speed 2→Speed 1: 0.16 and Speed 2→Speed 3: 0.16). Additionally, the slowest
speed is occasionally confused with faster conditions (e.g., Speed 1→Speed 3: 0.16 and
Speed 1→Speed 4: 0.12), which aligns with the larger variability observed at the task
level (Table 5.1, Fig. 5.6).

Finally, HD exhibits an asymmetric confusion structure in Fig. 5.7 when discrimi-
nating 3% infill (Soft), 7% (Medium), and 12% (Hard). While Soft is always recognized
correctly (recall: 1.00), Medium achieves recall 0.80 and Hard drops to recall 0.48,
with a dominant error mode of Hard→Medium (0.52). This indicates that, under the
current event-based encoding and grasp configuration, the perceptual cues for the two
higher hardness levels overlap more strongly than those separating the soft level from
the remaining classes.
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5.5 Discussion

This work demonstrates an end-to-end, real-time sensory feedback pipeline that trans-
lates tactile events detected by a 64-sensor e-skin integrated on a prosthetic hand into
spatially organized electrotactile sensations delivered through matrix electrodes using a
nearly one-to-one sensor–channel–pad mapping. In the context of upper-limb prostheses,
recent reviews emphasize that sensory feedback is critical for dexterous manipulation
and embodiment, yet translation remains limited by the restricted information bandwidth
of most interfaces and by the lack of standardized, functionally meaningful validation
protocols [190, 189]. Against this backdrop, the quantitative results (Table 5.1, Fig. 5.6)
and the structured confusion patterns (Fig. 5.7) show that the proposed encoding is
particularly effective when the discriminative cue is primarily spatial (which anatomical
region is active, or how spatially extended the contact is), and it becomes more challeng-
ing when the cue depends mainly on temporal dynamics (speed) or on subtle differences
in interaction mechanics (medium vs. hard cubes).

The strongest outcome is the high FD performance (94.7 ± 6.5%), which provides
direct evidence that the one-to-one mapping preserves a usable spatial organization
in perception. Importantly, the FD confusion matrix reveals that errors are not arbi-
trary: the dominant confusions occur between anatomically neighboring digit groups
(Index→Middle and Little→Ring), while long-range confusions across the hand are
essentially absent (Fig. 5.7). This signature is consistent with a topographically co-
herent spatial code, where uncertainty tends to remain local rather than producing
anatomically implausible mislocalizations. Notably, high-density distributed electrotac-
tile feedback systems have previously shown that users can recognize static and dynamic
contact patterns when sensing and stimulation are both spatially distributed [149]. The
present results extend this evidence to a prosthetic-hand scenario and to a broader set
of grasp-relevant discriminations (beyond contact location/sliding), supporting the idea
that increasing the number of independently addressable channels can yield percep-
tually meaningful information—an aspect that is increasingly viewed as important for
functional utility of feedback interfaces [189, 198].

In the same vein, SiD and PD both achieve ∼82% mean accuracy (Table 5.1), and
their confusion matrices are dominated by diagonal and near-diagonal terms (Fig. 5.7),
indicating that subjects relied on ordered spatial cues. In SiD, the class definitions cor-
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respond to the number of digits involved in the grasp and the presence of palm contact;
therefore, the elicited pattern should naturally expand as more sensors activate. The high
recall for Size 4 (0.92) is consistent with this mechanism because palm involvement pro-
duces a spatially extended and highly distinctive percept, whereas the largest confusions
occur between Size 2 and Size 3 (Fig. 5.7), which differ mainly by the additional in-
volvement of a single finger. This observation aligns with prior psychophysical evidence
that electrotactile interfaces can convey contact size effectively when the stimulus spatial
extent increases in an orderly manner [208]. Similarly for PD, full closure (100%) is the
most reliably identified condition (recall: 0.92), while the intermediate closure (85%)
is most often confused with its neighbors (Position 2→Position 1/3), which is expected
when the decision boundary depends on a gradual change in contact extent that can
overlap due to small trial-to-trial variations in alignment and squeeze.

In contrast, SpD exhibits the lowest mean accuracy and the largest inter-subject
variability (71.0± 15.2%, Table 5.1), which is coherent with the fact that speed discrim-
ination is encoded predominantly through the temporal evolution of stimulation rather
than through a static spatial footprint. The confusion matrix supports this interpreta-
tion by showing that the fastest condition is the most separable (Speed 4 recall: 0.80),
whereas the intermediate speeds are most frequently confused with adjacent levels (e.g.,
Speed 2→Speed 1 and Speed 2→Speed 3) (Fig. 5.7). This pattern suggests that tem-
poral cues become more salient as stimulation transitions become faster, while slower
patterns are more sensitive to perceptual timing strategies and to minor variability in
interaction dynamics. Finally, HD achieves moderate performance (76.0 ± 7.6%) but
is limited by a strong overlap between the two higher hardness levels, as indicated by
the dominant Hard→Medium confusion (0.52) and the reduced recall for Hard (0.48)
(Fig. 5.7). Since the current pipeline encodes contact through binary events and spatial
distribution, the perceptual differences between 7% and 12% infill cubes may be insuf-
ficient under the tested grasp configuration if both conditions generate similar contact
footprints and event patterns at full closure. In this respect, the results suggest a clear
direction for improvement that remains compatible with real-time constraints: augment-
ing the binary event representation with additional low-cost descriptors (e.g., event rate
or cumulative activity) and/or introducing an additional stimulation coding dimension
(e.g., modulating intensity with a hardness-related metric). Such multidimensional cod-
ing is consistent with broader trends in bidirectional prosthetic systems, where adding
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richer feedback variables (rather than purely spatial on/off cues) is often necessary to
discriminate interaction properties beyond contact location [209, 189].

Overall, the main achievement of this study is that a distributed tactile interface
coupled with a nearly one-to-one multichannel electrotactile mapping supports highly
reliable finger/palm localization and enables meaningful discrimination of grasp patterns
that modulate contact extent, while also revealing specific and interpretable bottlenecks
for temporally driven (SpD) and material-property-driven (HD) discrimination that can
be addressed in future iterations.

5.6 Conclusion

This chapter presented and experimentally validated an end-to-end, real-time sensory
feedback system for upper-limb prosthetics that converts distributed tactile events de-
tected by a piezoelectric e-skin integrated on a prosthetic hand into spatially organized
electrotactile stimulation delivered through matrix electrodes. The proposed framework
integrates (i) a distributed sensing layer (64 sensing elements covering the fingertips
and palm), (ii) embedded acquisition and real-time processing to extract robust binary
contact events from dynamic piezoelectric signals, and (iii) a nearly one-to-one mapping
between sensors, stimulation channels, and electrode pads to preserve the topographic
structure of contact. This design choice enables an intuitive spatial code, while main-
taining real-time operation suitable for online interaction.

The experimental assessment with healthy subjects demonstrated that the proposed
encoding reliably communicates multiple grasp-relevant perceptual dimensions. In the
validation phase, subjects achieved high performance in finger/palm localization (FD),
reaching 94.7 ± 6.5% accuracy across six classes, which confirms that the mapping
preserves a coherent spatial organization that users can interpret with minimal ambiguity.
Beyond pure localization, the system supported meaningful discrimination of contact
extent and grasp state: object size/contact extent discrimination (SiD) and closed-hand
position discrimination (PD) both achieved ∼ 82% mean accuracy (Table 5.1, Fig. 5.6),
with confusion patterns dominated by diagonal and near-diagonal terms (Fig. 5.7),
indicating that errors mainly occurred between neighboring levels rather than across
distant classes. These outcomes provide evidence that distributed electrotactile patterns
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driven by distributed tactile sensing can convey not only where contact occurs, but also
how contact spreads across the hand during grasping.

In contrast, the tasks that depended primarily on temporal evolution of stimulation
(SpD) or on subtle differences in interaction mechanics (HD) were more challenging.
Speed of contact discrimination (SpD) yielded 71.0 ± 15.2% accuracy and exhibited
the largest inter-subject variability, consistent with the fact that speed is encoded mainly
through perceived timing rather than static spatial footprints. Hardness discrimination
(HD) reached 76.0 ± 7.6% accuracy, but the confusion structure showed a pronounced
overlap between the two higher hardness levels, suggesting that binary event-based
spatial coding provides strong separability for large differences (e.g., soft vs. non-soft)
but may be insufficient to separate adjacent material conditions under the tested grasp
configuration. Importantly, these limitations are not merely negative findings; they
provide clear guidance for future refinement while preserving real-time constraints.
Specifically, enriching the event representation with additional low-cost descriptors
(e.g., event rate, cumulative activity, or simple amplitude-related features) and/or adding
an additional stimulation coding dimension (e.g., intensity modulation) are promising
strategies to increase separability for temporally driven and material-property-driven
tasks without compromising the robust spatial performance demonstrated for FD, SiD,
and PD.

Overall, the main contribution of this chapter is the demonstration of a scalable, dis-
tributed, and real-time end-to-end feedback pipeline that delivers multi-attribute tactile
information through a non-invasive interface. By combining distributed piezoelectric
sensing, real-time contact-event extraction, and a structured multichannel electrotactile
mapping, the proposed system advances toward practical bidirectional prosthetic solu-
tions that can convey multiple interaction-relevant cues rather than a single scalar feed-
back variable. Future work will focus on extending validation to amputee participants,
assessing robustness under longer-term use and more ecologically valid manipulation
tasks, and refining encoding strategies to convey temporal and material-related informa-
tion better while retaining the strong spatial interpretability enabled by the one-to-one
mapping.





CHAPTER 6
General conclusion

6.1 Conclusions

Upper-limb prosthetic hands have reached a high level of mechanical sophistication, yet
their practical utility and long-term acceptance remain strongly limited by the absence
of reliable somatosensory information and intuitive sensory feedback [9, 10, 210]. In
the intact human sensorimotor loop, tactile afferents provide rapid, information-rich
cues that support stable manipulation, grip-force regulation, and the perception of object
properties [6, 5]. Motivated by this gap, this thesis investigated how a piezoelectric,
PVDF-based tactile sensing approach can be progressively developed from a localized
biomimetic sensing unit into a prosthetic-hand-level sensing framework, and how tactile
data can be processed (via ML/DL and signal processing) to generate feedback-ready
outputs that are compatible with real-time operation.

Across the experimental activities presented in Chapters 3–5, the main outcome
of this thesis is the validation of an end-to-end tactile sensing pipeline that links: (i)
practical sensorization of prosthetic-hand embodiments using PVDF tactile sensors and
dedicated interface electronics [26, 27], (ii) online-capable tactile data processing and
learning-based decoding to infer meaningful object-related variables (with emphasis
on hardness), and (iii) a feedback-oriented interpretation of distributed tactile activity
suitable for non-invasive stimulation strategies [13, 14, 16, 10]. Rather than treating
tactile sensing, decoding, and feedback as isolated blocks, the thesis emphasizes their
co-design: the characteristics of PVDF sensing and interface electronics directly shape
the signal conditioning and event detection strategies, which in turn constrain what can
be inferred online, and ultimately determine what tactile information can be encoded for
feedback.

149
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From biomimetic fingertip sensing to robust hardness discrimination (Chapter 3).
The first part of the thesis established that PVDF-based tactile signals acquired during
indentation contain sufficient discriminative information to recognize multiple levels of
hardness under variability in indentation speed and load. Using statistical feature extrac-
tion and lightweight learning models (including an SLFNN), the study achieved high
multi-class hardness discrimination performance while preserving a pipeline compatible
with incremental operation. Beyond reporting aggregate accuracy, the analysis explic-
itly studied how performance evolves as the interaction unfolds by using incremental
windowing strategies. Two complementary views were provided: (i) percentage-based
segmentation, reflecting progress as a fraction of the trial duration, and (ii) fixed-
step cumulative segmentation, reflecting progress in discrete observation increments.
This incremental analysis demonstrates a practically important property for real-time
prosthetic use: reliable hardness information can emerge early in the interaction and
stabilizes as more tactile evidence accumulates. Finally, probabilistic analyses (Top-
𝑘 accuracy, calibration, and rank structure of errors) showed that misclassifications
tend to be near misses and that the classifier’s confidence contains useful information for
uncertainty-aware decisions. This supports the broader thesis claim that tactile decoding
for prosthetics should not only provide point predictions, but also provide interpretable
confidence that can guide downstream control or feedback policies [14, 9].

Hand-level sensorization and online ML/DL decoding in a real-time pipeline (Chap-
ter 4). Building on the initial validation at the fingertip level, the second part of the
thesis moved toward prosthetic-hand embodiments by integrating tactile sensing on the
Hannes prosthetic platform, where three fingertip sensors were mounted (thumb, index,
and middle), and the index sensor was used for the hardness-discrimination experi-
ments. A key contribution of this activity was the construction of an online processing
pipeline on a PC that combined data acquisition, filtering, drift handling, activity/con-
tact detection, incremental windowing, and 1D-CNN-based hardness inference. This
step is crucial for translation: many tactile classification studies demonstrate perfor-
mance offline, whereas practical prosthetic usage requires stable real-time acquisition
and decision-making under timing variability and signal nonstationarities [18, 28, 30].
By demonstrating that tactile learning models can be executed in a live loop with consis-
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tent pre-processing and event-triggered inference, this chapter validated the feasibility
of moving beyond retrospective analysis toward online operation.

Distributed tactile sensing with feedback-ready outputs (Chapter 5). The final
experimental activity addressed a core limitation of conventional sensory substitution
systems: the restricted bandwidth of tactile information that can be extracted and trans-
mitted when only a few sensing and stimulation channels are available [16, 10, 210].
This chapter presented a distributed sensorization of the prosthetic hand with a dense
network of tactile sensors (64 sensing units distributed across fingertips and palm) and
an equally dense stimulation concept, where each tactile sensor is mapped to a cor-
responding stimulation site. In contrast to hardness classification (Chapters 3–4), the
pipeline here relied primarily on signal processing to extract spatial contact/activation
patterns robustly in real time, and to translate these patterns into feedback-ready signals
suitable for electrotactile stimulation [13, 14]. The system was validated in controlled
laboratory experiments with healthy participants, demonstrating the feasibility of trans-
mitting spatially distributed tactile events through a multichannel non-invasive interface.
While the experimental context differs from at-home longitudinal studies, it provides an
essential intermediate step: evaluating dense sensing and stimulation under realistic in-
tegration constraints (hand geometry, wiring, mounting robustness) and during physical
interactions that generate the tactile distributions the pipeline must handle.

Overall contributions and positioning. Taken together, the thesis demonstrates a
coherent progression: (1) validate tactile signatures and decoding for hardness un-
der variability; (2) implement online learning-based inference on a prosthetic-hand
embodiment; (3) extend sensorization to a distributed hand-level system and produce
feedback-ready outputs from dense tactile activity. This progression directly addresses
central requirements identified in the literature for practical sensory-enabled prosthe-
ses, including robustness under realistic variability, real-time feasibility, and feedback
relevance [9, 10, 210]. In summary, the work contributes evidence that PVDF-based
tactile sensing, combined with appropriate interface electronics and decoding strategies,
can support both (i) object-property inference (hardness) and (ii) distributed contact
encoding for sensory feedback, thereby paving the way toward higher-bandwidth and
more useful tactile human–prosthesis interfaces.
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6.2 Future Work

Although this thesis demonstrates the feasibility of the proposed tactile sensing and pro-
cessing framework, several research directions remain open to strengthen its robustness,
increase its practical relevance for end users, and expand its capabilities.

Extending robustness and coverage of prosthetic-hand sensorization. Future work
should further improve the durability, maintainability, and scalability of the distributed
sensorization. This includes investigating protective encapsulation strategies that pre-
serve electromechanical coupling for PVDF sensors while improving resistance to wear,
humidity, and day-to-day mechanical stress, as well as developing modular integration
and calibration procedures that facilitate replacement and maintenance without degrad-
ing signal quality [18, 19, 25]. In addition, long-term stability studies (drift, aging, and
repeatability) are needed to quantify performance degradation over time and to design
compensation strategies within the acquisition and processing pipeline.

From offline decoding to generalizable online inference under real-world variability.
The online pipeline demonstrated in this thesis can be strengthened by systematically
studying generalization across wider conditions: different object sets, contact locations,
grasp types, and user interaction styles. Methodologically, this opens directions such
as domain adaptation, confidence-aware decision thresholds, and continual recalibration
of pre-processing parameters (e.g., drift baselines) to stabilize real-time inference. For
hardness discrimination specifically, future studies can explore multi-task learning and
sensor fusion (e.g., combining tactile data with prosthesis proprioception, motor current,
or kinematic features) to reduce ambiguity among intermediate stiffness classes and to
improve robustness to uncontrolled interaction profiles [28, 30].

Closing the loop: tactile-informed prosthesis control. A central next step is to use
tactile inference not only for recognition or feedback, but also to enhance prosthesis
control. The outputs already demonstrated in this thesis naturally support several levels
of control integration:
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Reflex-level control: fast contact/slip-related indicators extracted from tactile
signals can trigger rapid grip-force adjustments to stabilize grasp (anti-slip reflex)
without requiring user interpretation.

Supervisory control using hardness inference: predicted hardness (and asso-
ciated confidence) can adapt grasp parameters such as closing speed, force ramp
rate, and maximum allowable force (e.g., gentler and slower for soft/fragile ob-
jects; faster and firmer for hard objects), while using confidence thresholds to
postpone adaptation when uncertainty is high.

Shared control and personalization: mappings from tactile variables to control
actions can be tuned per user and task context to reduce cognitive load and
improve perceived naturalness, potentially leveraging user-in-the-loop calibration
procedures.

These directions align with the broader goal of sensory-enabled prostheses: tactile
sensing becomes most impactful when it directly improves manipulation stability and
reduces the need for constant visual monitoring [9, 10, 6].

Optimizing feedback coding for usability and reduced cognitive load. The dis-
tributed feedback concept demonstrated here can be extended by investigating stimulus
coding strategies that maximize interpretability while remaining comfortable and unob-
trusive. This includes studying spatial coding (which sensors map to which stimulation
sites), temporal coding (pulse trains, event-driven stimulation), and intensity coding
(how amplitude or duty cycle reflects tactile magnitude), guided by wearable haptics
and tactile display principles [13, 14]. In addition, confidence-aware feedback strategies
become possible based on the probabilistic outputs studied in Chapter 3: the system
can choose to provide stronger, weaker, or delayed feedback depending on uncertainty,
thereby avoiding misleading sensations and improving user trust.

Evaluation beyond the laboratory: amputee studies and longitudinal validation. A
major future milestone is to validate the proposed framework with people with limb loss,
and under longer-term usage conditions. This includes assessing functional outcomes
(task performance, grasp stability), cognitive load, embodiment, comfort, and learning
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effects over time [210, 9]. Such studies are essential to determine what tactile variables
are most useful in daily life, how users adapt to feedback, and what trade-offs between
bandwidth and usability are acceptable.

Toward embedded and wearable implementations. While parts of the real-time
pipeline were demonstrated on a PC, and the sensing electronics were designed for
practical acquisition, a natural direction is to move more computation closer to the
prosthesis. Future work may target embedded implementations of key processing stages
(filtering, event detection, lightweight inference, and feedback mapping) with strict
constraints on power and latency. This would enable fully portable, self-contained
systems suitable for everyday use, and would align with the broader trend toward edge
intelligence in tactile sensing systems.

Overall, the future directions above aim to turn the thesis contributions into a more
complete sensory-enabled prosthesis framework: robust distributed sensorization, gener-
alizable online tactile inference, feedback coding optimized for human use, and tactile-
informed control policies. Advancing along these axes will move tactile prosthetic
systems closer to the long-term goal of restoring a useful and intuitive sense of touch in
upper-limb prostheses.
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Participation in Research Projects

Research project 1, EU project IntelliMan

This project is focusing on the question of “How a robot can efficiently learn to manip-
ulate in a purposeful and highly performant way”. IntelliMan will range from learning
individual manipulation skills from human demonstration, to learning abstract descrip-
tions of a manipulation task suitable for high-level planning, to discovering an object’s
functionality by interacting with it, to guarantee performance and safety. IntelliMan
aims at developing a novel AI-Powered Manipulation System with persistent learning
capabilities, able to perceive the main characteristics and features of its surrounding by
means of a heterogeneous set of sensors, able to decide how to execute a task in an
autonomous way and able to detect failures in the task execution in order to request new
knowledge through the interaction with humans and the environment. IntelliMan further
investigates how such AI-powered manipulation systems are perceived by the users and
what factors enhance human acceptability.

Activity: My developed research during the PhD was a contribution for the IntelliMan
project, and this contribution could be summarized under these bullet points:

Developed a tactile sensing system for prosthetic hands.

Developed real-time pipeline for data processing and classification (Cartesian /
Hannes).

Teaching and other activities

Reviewing activity for the IEEE International Symposium on Circuits and Systems
ISCAS 2026

Period abroad PhD Visitor: During the PhD I had the opportunity to be a visiting
PhD guest at Istituto Italiano di Tecnologia at Rehab Lab starting from November 2023
till July 2024 where I developed the real time pipeline of hardness classification using
piezoelectric sensors and Hannes hand. Later on I moved to Aalborg University as
PhD guest starting November 2024 till October 2025 where I developed the End-to-End
Electrotactile feedback system.
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