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Abstract

Similar to biological systems, robots may need skin-like sensing ability to perceive
interactions in complex, changing, and human-involved environments. Current skin-like
sensing technologies are still far behind their biological counterparts when considering
resolution, dynamics range, robustness, and surface coverage together. One key challenge
is the wiring of sensing elements. During my Ph.D. study, I explore how machine learning
can enable the design of a new kind of haptic sensors to deal with such a challenge. On
the one hand, I propose super-resolution-oriented tactile skins, reducing the number of
physical sensing elements while achieving high spatial accuracy. On the other hand, I
explore vision-based haptic sensor designs. In this thesis, | present four types of machine-
learning-driven haptic sensors that | designed for coarse and fine robotic applications,
varying from large surface (robot limbs) to small surface sensing (robot fingers). Moreover,
| propose a super-resolution theory to guide sensor designs at all levels ranging from
hardware design (material/structure/transduction), data collection (real/simulated), and
signal processing methods (analytical/data-driven).

I investigate two designs for large-scale coarse-resolution sensing, e. g., robotic limbs.
HapDef sparsely attaches a few strain gauges on a large curved surface internally to
measure the deformation over the whole surface. ERT-DNN wraps a large surface with
a piece of multi-layered conductive fabric, which varies its conductivity upon contacts
exerted. | also conceive two approaches for small-scale fine-resolution sensing, e.g.,
robotic fingertips. BaroDome sparsely embeds a few barometers inside a soft elastomer
to measure internal pressure changes caused by external contact. Insight encloses a
high-resolution camera to view a soft shell from within.

Generically, an inverse problem needs to be solved when trying to obtain high-resolution
sensing with a few physical sensing elements. | develop machine-learning frameworks
suitable for solving this inverse problem. They process various raw sensor data and extract
useful haptic information in practice. Machine learning methods rely on data collected
by an automated robotic stimulation device or synthesized using finite element methods.
I build several physical testbeds and finite element models to collect copious data. |
propose machine learning frameworks to combine data from different sources that are
good enough to deal with the noise in real data and generalize well from seen to unseen
situations.

While developing my prototype sensors, | have faced reoccurring design choices.
To help my developments and guide future research, | propose a unified theory with
the concept of taxel-value-isolines. It captures the physical effects required for super-
resolution, ties them to all parts of the sensor design, and allows us to assess them



Abstract

quantitatively. The theory offers an explanation about physically achievable accuracies
for localizing and quantifying contact based on uncertainties introduced by measurement
noise in sensor elements. The theoretical analysis aims to predict the best performance
before a physical prototype is built and helps to evaluate the hardware design, data
collection, and data processing methods during implementation.

This thesis presents a new perspective on haptic sensor design. Using machine learning
to substitute the entire data-processing pipeline, | present several haptic sensor designs for
applications ranging from large-surface skins to high-resolution tactile fingertip sensors.
The developed theory for obtaining optimal super-resolution can guide future sensor
designs.
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Kurzfassung

Um Interaktionen in komplexen, sich verdandernden und von Menschen beeinflussten Um-
gebungen wahrnehmen zu konnen, bendtigen Roboter, analog zu biologischen Systemen,
hautdhnliche Wahrnehmungssensoren. Die derzeitigen hautédhnlichen Sensortechnologien
sind in Bezug auf Auflésung, Dynamik, Robustheit und Oberflachenabdeckung noch weit
von ihren biologischen Vorbildern entfernt. Eine zentrale Herausforderung ist die Verdrah-
tung der Sensorelemente. In meiner Doktorarbeit untersuche ich, wie maschinelles Lernen
die Entwicklung einer neuen Art von haptischen Sensoren ermoglichen kann, um solche
Herausforderungen zu bewaéltigen. Einerseits schlage ich superaufldsende, hautahnliche,
taktile Sensoren vor, die die Anzahl der physischen Sensoreinheiten reduzieren und gleich-
zeitig eine hohe raumliche Genauigkeit erreichen. Auf der anderen Seite untersuche ich
die Entwicklung von kamerabasierten haptischen Sensoren. In dieser Arbeit stelle ich
vier Arten von datengetrieben haptischen Sensoren fur grobe und feine Roboteranwen-
dungen vor, die von gro3flachigen (Robotergliedmalien) bis zu Sensoren mit kleinen
Abmessungen (Roboterfinger) reichen. Dariiber hinaus schlage ich eine Theorie der Supe-
rauflosung vor, um Sensorentwirfe auf allen Ebenen anzuleiten, vom Hardwaredesign
(Material/Struktur/Transduktion) tiber die Datenerfassung (real/simuliert) bis hin zu den
Signalverarbeitungsmethoden (analytisch/datengesteuert).

Ich untersuche zwei Entwirfe fir groRflachige, grob aufgeldste Sensoren, z. B. fir
robotische Gliedmalen. HapDef bringt einige wenige Dehnungsmessstreifen auf einer
groRRen gekrimmten Oberflache an, um die Verformung ber die gesamte Oberflache zu
messen. ERT-DNN umbhiillt eine groRe Flache mit einem Stlick mehrlagigen leitfahigen
Gewebes, das seine Leitfahigkeit je nach Kontakt variiert. Ich konzipiere aul3erdem zwei
Ansatze fur kleinraumige, fein aufldsende Sensoren, z. B. fiir Roboter-Fingerspitzen.
BaroDome bettet einige wenige Barometer in ein weiches Elastomer ein, um durch
auRere Einflisse verursachte interne Druckanderungen zu messen. Insight umschlief3t
eine hochaufldsende Kamera, um eine weiche Hulle von innen zu betrachten.

Generell muss ein inverses Problem geldst werden, wenn man versucht, hochauflosende
Messungen mit wenigen physikalischen Messeinheiten zu erzielen. Ich entwickle Frame-
works flir maschinelles Lernen, die fur die Losung dieses inversen Problems geeignet sind.
Sie verarbeiten verschiedene Sensor-Rohdaten und extrahieren in der Praxis hierarchische
haptische Informationen. Die Methoden des maschinellen Lernens stiitzen sich auf Daten,
die entweder von einem automatisierten robotergestiitzten Stimulationsgerét erfasst oder
mithilfe von Finite-Elemente-Methoden synthetisiert wurden. Ich baue mehrere physi-
kalischen Stimulationsgerate und Finite-Elemente-Modelle, um umfangreiche Daten zu
sammeln. Ich schlage Frameworks fiir maschinelles Lernen vor, um Daten aus verschiede-
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Kurzfassung

nen Quellen zu kombinieren, die gut genug sind, um mit dem Rauschen in realen Daten
umzugehen und eine gute Verallgemeinerung von gesehenen zu ungesehenen Situationen
zu ermoglichen.

Bei der Entwicklung meiner Prototypsensoren bin ich immer wieder mit Designent-
scheidungen konfrontiert worden. Um meine Entwicklungen zu unterstiitzen und kiinftige
Forschungen zu leiten, schlage ich eine einheitliche Theorie mit dem Konzept der Taxel-
Value-lsolines vor. Sie erfasst die physikalischen Effekte, die fur die Superauflosung
erforderlich sind, verknupft sie mit allen Teilen des Sensordesigns und ermdglicht es
uns, sie quantitativ zu bewerten. Die Theorie bietet eine Erklarung fur die physikalisch
erreichbaren Genauigkeiten bei der Lokalisierung und Quantifizierung von Kontakten auf
der Grundlage der Unsicherheiten, die durch das Messrauschen in den Sensoreinheiten ent-
stehen. Die theoretische Analyse zielt darauf ab, die beste Leistung vorherzusagen, bevor
ein physischer Prototyp gebaut wird, und hilft bei der Bewertung des Hardwaredesigns,
der Datenerfassung und der Datenverarbeitungsmethoden wahrend der Implementierung.

Diese Arbeit prasentiert eine neue Perspektive fir die Entwicklung haptischer Sensoren.
Unter Verwendung von maschinellem Lernen als Ersatz fur die gesamte Datenverarbei-
tungspipeline préasentiere ich mehrere haptische Sensordesigns fiir Anwendungen, die von
grol¥flachigen hautdhnlichen Sensoren bis hin zu hochauflésenden taktilen Fingerspitzen-
sensoren reichen. Die entwickelte Theorie zur Erzielung einer optimalen Superauflésung
kann als Leitfaden fur zukiinftige Sensordesigns dienen.

viii



“People who are really serious about software,
should make their own hardware.”

by Alan Kay
“Every privilege comes with responsibility,

every opportunity with a duty,
and every possession with a commitment.””

by Branco Weiss
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Chapter 1

Introduction

We are witnessing a rapid evolution of robot technologies to perform practical physical
tasks in various application areds P, 3, 4]. To robustly and safely react in complex,
changing, and especially human-involved environments, a robot must be able to perceive
when, where, and how its body is contacting other things. Due to the visual occlusion and
the small scale of deformations during the interaction, robots need touch-sensitive skin
in addition to well-developed visual feedback. Comparatively, technologies for haptic
feedback are still in the infancy phase and underdeveloped. Because skin-like haptic
devices covering a broad range of areas are more challenging to design, with additional
crucial requirements on robustness due to constant and direct external interactions. The
wiring complexity increases along with high-resolution requirements.

There have been many efforts to create haptic senSptedt can quantify contact
across the surface of a robot: successful designs produce measurements using &sistive [
7, 8, 9], capacitive L0, 11, 12], ferroelectric [L3], triboelectric [L4], hall-effect-based]5)],
and optoresistivell, 17] transduction approaches. Most recently, vision-based haptic
sensors18, 19, 20, 21, 22, 23] have demonstrated a new family of solutions, typically
using an internal camera that views the soft contact surface from within. Most of these
sensors tend to focus on an individual goal of improving precision or sensitivity, increasing
taxel density, or enlarging the sensed area rather than comprehensively optimizing the
system robustnessnd the usability of the sensédptic information . This situation, in
turn, has resulted in sensors that are either fragile, insensitive, inaccurate, bulky, or costly
and hampers their widespread application and advancement in the robotic eld.

Recent developments have shown that machine-learning-based approaches are espe-
cially promising for creating dexterous robof P4, 25]. In such self-learning scenarios
and real-world applications, the need for extensive data makes it particularly critical
that sensors are robust and keep providing good readings over thousands of hours of
rough interaction. On the one hand, machine-learning-driven robots put forward higher
requirements for sensor robustness; on the other hand, machine learning also opens a new
possibility for tackling the haptic sensing challenges in presenting uni ed and intuitive
haptic information. Data-driven machine-learning methods can replace hand-crafted
numeric calibration procedures with end-to-end mappings learned from raw sensor data
and provide understandable haptic information, such as forces in newtons and contact



Chapter 1 Introduction

locations in Euclidean spaces.

In this thesis, we explore the approaches of creating robust and durable haptic sensors
and develop adequate machine-learning frameworks to extract useful haptic information
from raw sensor values.

1.1 Motivation

Existing robots consisting afttiff links like LWR (Kuka) [26], Panda (Franka Emika2[],

and APAS (Bosch)Z8] are favorable products in the market due to their compact con-
guration, reliable accuracy, and high durability. With increased kinematic degrees of
freedom (DoF), robots like Cheetah (MIT39], ANYmal C (ANYbotics) [30], Spot and

Atlas (Boston Dynamics)31], and Shadow Dexterous Hand (Shadow Rob88] [nspire
considerable media coverage owing to their functional dexterity and bionic appearance.
They are currently in their infant phase of stepping into the mature robotic m&dft.
robots like TentacleGripper (Fest®J), Octobot (Harvard) 34] represent an exciting,
relatively emerging area of research because of the favorable properties of soft materials
for manipulating objects3p], for safer interactions in human environmer$§][ and

to limit the instantaneous impact forces caused by unforeseen collisions in robotic sys-
tems B7]. Robots are rapidly evolving towards higher integration, higher dexterity, and
more softness, where sensors also have to be adaptively designed following this evolution
to facilitate the research in robotics.

A sense of vision allowsactive visual perceptions of the world from different viewing
points and helps robots to navigate, avoiding collisions, breaking things, or even hurting
a person. When it comes to manipulating things, such as packing a box, cleaning up
a room, and helping a person, robots will need to reach outirgedactively touch
something. The touching details between objects are almost not visible, and the contacts
can happen in a more distributed way over the whole body rather than centralized. A
sense of touch (haptic feedback) can help process different kinds of physical stimuli to tell
whether something is touching and how big an area it is covering, whether the interaction
is stretching or shaking, or whether there is heat transfer, etc.

Over the last four decades, many haptic sensor schemes have been designed and are
summarized in%, 38, 39]. Since 1980s, efforts were made to create haptic feedback
with high taxel density in a very focused area for end-effectors of robotic arms/manip-
ulators fQ]. Intrinsic six-dimensional force sensors were integrated into robot joints to
infer contact on stiff robot links41], which is insuf cient due to unmodeled dynamic
forces and inertial interference. A few early sensors were designed to cover robot arms
that supported the motion planning research in unstructured environr@n3]. Later
on, two broad categories of haptic sensor design are formed based on the sensing size
and spatially resolved information: small-scale nely resolved sensors focusing on small
areas and large-scale coarsely resolved sensors covering large areas [44].

Agile and dexterous robots may nd themselves in situations where they have to
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constantly contact external objects like manipulating objects in hand, such as ngertips or
gripper end-effectors. They request more delicate haptic information like detailed texture
and slippage in a focused area. Large-scale haptic sensors enable the research of currently
favorablestiff robots in unstructured environments. With an emphasis on the need for
large surface sensing for contact or collision detection during robot motion, the haptic
information of location, strength, and number of contacts is more important. It coincides
with the distribution of mechanoreceptors (MRs) in human skin, where 29.3% of MRs
are in the nger area, 40.9% in the glabrous area of the hands, only 3.9% in the limbs
(without hands), and 5.3% in the whole back and ch&5sjt [Delicate haptic information

can be captured and delivered in many forms, such as vibrat@ndeformation [L8, 47),
undirected pressure distributiori][ and directional force distributioB, 49, as well as
temperatured, 50, 51]. For robotic manipulation tasks, a directional force distribution

is one of the preferred forms of contact information. It describes the location and size
of each contact region and the local loading in the normal and shear directions in one
shot [38].

Haptic sensors transduce from physical phenomena, e.g., force-caused displacement,
to an electrical signal encoding contact information. However, it is nontrivial to decode
raw sensor readings to an intelligible representation of the original causes. Different
approaches have been developed for mapping raw sensor outputs to real-world values,
such as displacements in metel8,[47] or contact forces in newtond8, 49]. A linear
mapping with a stiffness matrix was favorable in the past due to its simpl&®y52, 53].
However, this assumption is rarely valid in sensors with nonlinearity, strong hysteresis,
or damping properties due to the skin materi&l4].[ Methods like analytical inverse
compensation can partially take care of the hysteresis-caused nonlinearity préblem [
The problems of mechanical nonlinearities and hysteresis are more noticeable in soft
materials that may be negligible in their stiff counterpas.[ Moreover, the mapping
task for global deformations caused by focused loads can be tackled through neither
linear mapping nor inverse compensation but nite element methods (FEMSs) with detailed
modeling of material propertied$]. Machine-learning methods, e.g., arti cial neural
networks (ANNs) 7] and Gaussian processes (GP&]][ show their prominence in
solving mapping problems that involve both nonlinearity and hysteresis, as well as non-
locality. In a supervised learning manner, machine learning models can map raw sensor
data to real-world calibrated values directly, without any unnecessary intermediate steps.
Labeled sensor data can be collected either in a designed test environment or a robotic
learning system. In addition, machine learning can help to extract more hierarchical
information from raw sensor readings, such as object hardness and curvature [59].

Machine learning is a branch of data analysis methods that automates model building
and enables intelligent systems to learn from data, identify patterns and make decisions
with minimal human intervention. Its rise can be traced back to the 1940s, when the
computational model dlleural Networksvas introduced in 1943[)], and the rstHebb
learning rulefor neural networks was de ned in 1948]]. After a silent period around
two decades awaiting the development of computational power, the famous and ieliable
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Nearest NeighbofKNN) method for pattern classi cation was proposed in 1962][ The
Back-propagatioomethod was invented to reduce the time for training neuron networks
in 1974 B3]. The method oDecision Treesvas introduced in 1986H]. Moreover, the
originator of the widely used deemnvolutional neural networkCNN) was invented to
recognize handwritten digits in 19864]. Later on, methods likBoosting[66], Support
Vector MachindSVM) [67], andRandom Forestf68] were proposed and gradually took

the shape of state-of-the-art machine learning techniques. Around 2009, a large visual
database namddhageNetvas created as the catalyst of the modern arti cial intelligence
boom [69]. AlexNet[70] was invented to pushmageNeftclassi cation accuracy by a

signi cant stride compared to traditional methodologies. AResNef71] was recognized

to be the rst model to create very deep architectures. These modern novel networks
inspire researchers to explore more ef cient deep learning techniques.

With the modern advanced machine learning techniques, portable computing devices
with strong computing power, and the exibility of automatic data collection in large
databases, data-driven hardware design concepts become more attractive. Because they
help avoid complicated calibration and heavy hand-crafted post-processing steps and
provide information in an end-to-end and interpretable way.

This thesis aims at making contributions to the development of machine-learning-driven
haptic sensors for both small-scale nely resolved robotic parts and large-scale coarsely
resolved robotic parts. It thus facilitates robotic researches in complex, changing, and
human-involved environments. We introduce the state-of-the-art haptic sensors in Sec-
tion 1.2 and the customarily used machine-learning methods for haptics in Section 1.3.
Then we introduce our contributions to the haptic sensor community and the layout of
this thesis in Section 1.4.

1.2 State-of-the-art Haptic Sensors

Haptic sensors evolve quickly along with the advancement of robotic techniques and
the outbreak of arti cial intelligence. Some review papers present thorough overviews of
existing haptic sensor$,[38, 39, 44, 56, 72]. They have different review focuses, which
will be detailed below. Depending on the task, different speci cations of design criteria
for haptic sensors have been reported by Yang et&lIfof biomedical engineering,
by Francomano et al.7B] for prosthetic hands, by Dahiya et alf4] for large haptic
systems, by Dahiya et al44] for humanoid robots, and by Balasubramanian etd] [
for dexterous manipulators, as well as by Chin et3#f] for soft robots. Regarding the
design principle, the transduction from physical phenomena to an electrical signal can be
constructed differently, like measuring the change of resistafg; &[], capacitance(s,

79], electrical charged0, 81], and optical characteristic&$, 22]. We discuss common
design criteria for haptic sensor design in Section 1.2.1 and describe the basic transduction
methods in Section 1.2.2. In addition, we introduce several representative haptic sensor
designs in Section 1.2.3.
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1.2.1 Design Criteria

I will rstintroduce performance measures and criteria that can guide the development
and speci cation of sensors in the following:

Spatial resolution and complexity of wiring The spatial resolution describes the num-
ber of taxels integrated into a tactile sensing array. The high spatial resolution requires
numerous sensing taxels, which unavoidably leads to complex wire connections, long ac-
quisition and processing time, and high sensitivity to external electromagnetic noises and
crosstalk. Referring to human skind&y, a hierarchical arrangement of spatial resolution

for different applications is favorable, such as the lower spatial resolution of about 5 mm
for large surfaces (limbs) and ner around 1 mm for end-effectors ( ngertip4). [High

spatial resolution is often required in contact pattern recognition and delicate manipulation
scenarios. The complexity of wiring can be reduced by methods like multiplexing and
serial communication protocol.

Sensitivity and dynamic range The sensitivity of sensors de nes the smallest de-
tectable external impact, and the dynamic range frames the sensors’ measurement range
from the smallest to the biggest. Usually, the dynamic range shrinks when the sensitivity
increases due to the materials and structures of currently available sensors. Suggested
in [44, 72], a force sensitivity range of 1-1000 gram and a dynamic range of 1000:1
are desirable in robotic applications. Combining multiple haptic sensors with different
sensitivities and dynamic ranges can help cover a larger measurement range and ensure
high sensitivity. High sensitivity is usually desired in light touch detection and fragile
object manipulation tasks.

Signal frequency There is an essential difference between signal frequency and fre-
guency response that are often mix-used. Signal frequency describes how fast the haptic
sensor responds to external contact and delivers such signal to a central processing unit.
However, frequency response is a signal format, vibration, measured by the sensors, and
different sensors may have different frequency responses. High signal frequency offers
near real-time haptic feedback but is not always preferred as it burdens energy and com-
putational resources. Different frequency responses of sensors can help to discriminate
guasi-static and dynamic contacts, such as quasi-static force distribution measurement
(low vibration frequency) 6] and dynamic (incipient) slippage detection (high vibration
frequency) 82]. As a reference for frequency responses, human MRs can vibrate and
respond to frequencies up to 400 Hz [83].

Elastic hysteresis Elastic hysteresis is a material effect in that energy is dissipated as
internal friction (heat) during contact loading and unloading, and the shape recovery after
unloading has a time hysteresis. In sensor design, the elastic hysteresis should be as low
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as possible, as it damps frequency response and has long-time memory of the previous
impact. In contrast, favorable soft materials have more substantial hysteresis than stiff
materials. Besides, methods like inverse compensadigirahd machine-learning[/]

can relieve this effect.

Mechanical properties A haptic sensor should be ideally exible to be attached to any
shaped surfaces or designed in any 3D shape. Moreover, a sensor should be durable for
highly repetitive usage without a performance drop. The sensor surface is supposed to
have mechanical compliance with external contacts. The surface friction coef cient should
be adapted to applications: a high coef cient is needed in manipulation devices to hold the
object in handT7], and a low coef cient is desired in exploration procedur@4|[ The
structure with papillary ridges like ngerprints can also increase the friction coef cient,
apart from the material itself.

Data transmission and interpretation The electrical signals transduced from haptic
sensors ow into the central processing unit with possible intermediate steps of analog-to-
digital converting, serial paralleling, data preprocessing (data selection, local computation),
and haptic information interpretation. The host robot should allow attention-triggered
sensor data selection to save processing resources and prioritize them with different
transfer and processing rates. The haptic information can ideally be locally preprocessed
and interpreted in the needed format, rather than ushing unnecessary raw data into the
host processing unit.

1.2.2 Transduction Methods

Haptic sensors make use of the physical/mechanical nature to transduce contact informa-
tion to digital signals. Transduction methods vary in a wide range, and we will introduce
some commonly used ones in the following:

Piezoresistive types Piezoresistive sensors transduce mechanical deformations in the
form of electrical resistance changes. Several classical technologies use the material's
piezoresistive property to design haptic sensors: direct use of discrete force sensing
resistors (FSR) to quantify contact location and stren8886]; a mixture of electrically
conductive carbon particles in non-conductive elastomer to construct a soft and conductive
rubber B7]; moreover, a hierarchical design of multilayer-structured electrically conduc-
tive fabric to distribute variable resistance spatial,[89]. Piezoresistive sensors are
validated to be widely accessible and low cost with simple electronics and manufacturing
processes, incredibly widely adopted in micro-electro-mechanical systems (MEMS) and
silicon-based design9(, 91]. They are usually in a exible mechanical structure, have
good sensitivity, and offer low noise signals. Conversely, piezoresistive sensors are often
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non-linear and respond both to temperature and moisture. Apart from the hysteresis effect,
they have high power consumption and tend to be fragile to shear force.

Capacitive types Capacitive sensors measure capacitance changes between two con-
ductive plates separated by compressible dielectric materials when external contacts are
exerted. Capacitive technologies are popularly used in our daily lives, such as touch
screens, and have been well investigated. Based on MEMS and Si micromachining,
capacitive sensors can be made very compact and small, typically in constructing dense
sensor arrays. Many customized capacitive sensors are available, such as the haptic skin
for the Robotiq robot grippef7R], the iCub humanoid robo®p], and the PR robot grip-

pers P3]. Moreover, commercialized products are maturely available such as DigiTacts
from Pressure Pro le System84] and AD7147 from Analog Device®9p]. Capacitive
sensors are robust and sensitive, can be exibly manufactured, and have higher bandwidth
than piezoresistive sensors. Similar to the drawbacks of sensitivity to temperature change,
non-linear response, and hysteresis in piezoresistive sensors, capacitive ones may bring
electromagnetic noise and stray capacity problems with themselves.

Piezoelectric types Piezoelectric-effect-based sensors generate electrical charges when
mechanical energy is captured. Among many piezoelectric materials, quartz crystals
and ceramics show better piezoelectric properties, while polymers like polyvinylidene
uoride (PVDF) are preferred with prominence in exibility and chemical stabili®g].
Piezoelectric sensors based on PVDF were reported to have a frequency response range
of 1Hz to 7 kHz B0, 81]. These sensors have a faster dynamic response with very high
bandwidth for dynamic loading detection than capacitive sensors. However, they can not
detect static loading and also have temperature dependence.

Quantum tunnel composite (QTC) types QTC sensors make use of the quantum
tunneling effect to change the material property from insulator to conductor upon external
loading is exerted. With a simple structure design, the QTC-based sensors can discriminate
normal and shear forces with high sensitivity and high dynamic ra@igle They are very
energy-ef cient, as they consume power only when contacts e3&©p]. Due to the
manufacturing complexity and high cost, QTC materials are not widely accessible. Only
Peratech [100] supplies commercial products.

Optic types Optical sensors measure light intensity change caused by mechanical
deformation. Commonly used optic sensors have four essential elements: light emitter,
light detector, deformable light-transmission-medium, and support structure. There are
several well-developed techniques for detecting the light intensity change. Photodetectors
measure the residual intensity of light that transmits from infrared light-emitting diodes
(LED) and through the light-transmission-mediub®{]. Fiber Bragg grating constructs
optical ber to vary the ber core's refractive index in correlation with the strain change
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and measures the re ected light wavelength to reveal that change due to either external
loading or temperature change0p]. Moreover, vision-based haptic sensors typically

use an internal camera that views the soft contact surface from wit&id9]. Optical
sensors are favorable due to their high sensitivity and immunity to electromagnetic
interference 103. They can gain very high spatial resolution with extremely densely
placed receptors, e.g., high-resolution cameras, at the cost of speed, power consumption,
and computational costs. Tactile sensors need to be easy to produce from inexpensive
components to facilitate their widespread adoption. Imaging components are remarkably
cheap these days due to the standardized Complementary-Metal-Oxide-Semiconductor
(CMOS) manufacturing procedure, making vision-based sensors competitive. Moreover,
nowadays, computation is fast enough to perform image processing, in classical ways,
with machine-learning methods.

1.2.3 Representative Haptic Sensor Variants

Many review papers present thorough overviews of existing haptic sensors for various
applications b, 38, 39, 44, 56, 72]. Here we introduce several representative ones with
two categories: small-scale but often nely resolved sensing and large-scale coarsely
resolved sensing.

Small-scale Finely Resolved SensingTakkTile [104 molds a compact barometer in-
side silicon rubber to form a tactile sensing cell. A focused area can be equipped with
nely resolved sensing ability by integrating multiple such cells, such as TakkSta¥§ [

and iHY hand 10€6. A sensor based on the same physical effect is also studied in
Chapter 5 Kiva et al. [/7] incorporate a non- exible pattern of the electrodes on a
3D curved layer and piezoresistive rubber on a second layer to design a simple setup
for 3D surface sensing and a soft compliant sensing surface. Syntouch B&)Taa [
multimodular sensor for high-resolution tactile sensing. It uses 19 electrodes encased in
a conductive liquid- lled elastic skin for tactile sensing on a human- nger-sized device.

It integrates different tactile sensing modalities, such as thermal, pressure, and vibration
sensing modules. However, the BioTac is costly (15000 USD) and is said to be fragile
and have sensing repeatability issues.

GelSight L8] is one of the earliest vision-based sensors, which has a thin re ective
coating on top of a transparent elastomer layer supported by a at acrylic plate. Perpen-
dicular lighting allows tiny surface deformations to be detected using photometric stereo
techniques. Further developments of this approach increased its robustness (G&plim [
achieved curved sensing surfaces with one camera (GlUif)[and with ve cameras
(OmniTact L0g), and included markers to obtain shear force informatib®d]. A
different technique based on tracking tiny beads inside a transparent elastomer is used
by GelForce 49] and the Sferrazza and D'Andrea sens2f][to estimate normal and
shear force maps. ChromaForce uses subtractive color mixing to extract similar data from
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deformable optical markers in a transparent lagé€]. The TacTip R2] sensor family
uses a hollow structure with a soft shell, and it detects deformations on the inside of that
shell by visually tracking markers.

Large-scale Coarsely Resolved SensingHEX-0-SKIN [1]] integrates a proximity
sensor, an accelerometer, three normal force sensors, and a temperature sensor on a 15
15 mm hexagonal printed circuit. It allows covering a surface, e.g., of a robot exoskeleton,
with multiple HEX-0-SKIN chips forming a dense array. In this way, a large surface can
be covered. However, the robustness of the system might be challenging.

TacCylinder 2] is a camera-based system. It is shaped like a cylinder with a tube
through its center, which holds a camera and a bulky catadioptric mirror system to
capture the motion of markers painted on the internal exible shell surface. The sensor
has a dimension of 63 63 82 mm and delivers comprehensive information about
the deformation of the soft cylindrical surface. The surface shape is restricted, and a
new shape requires an adaptation of the optical system. Additionally, the inside of the
mechanical part needs to be empty/visually transparent for this method to be applicable.
Similar works have also been implemented in [111, 112].

Lee [76] uses stretchable conductive materials (skin) with a few electrodes assembled
on the skin boundary and measures all combinations of pairwise conductivity. The contact
information of deformation is determined by anisotropic electrical impedance tomography
(EIT). Only 16 electrodes are required on the skin boundary with a skin size of 40
100 mm. However, high computational costs arise, requiring special hardware. Later on,
ElT-oriented sensors have been further developed by using different materials, such as
conductive fabric [88].

1.3 Machine Learning in Haptic Sensors

Haptic sensors capture contact information based on various physical phenomena, such
as changes of resistancg 8, 77]. The inverse problem of inferring haptic information
in formats of real-world values from the raw sensor values is nontrivial to solve, e.g.,
resistance changes to forces in newtat& 49]. There are models, in many cases, and
analytical calculations that can be done. However, these models are inaccurate because
of nonlinearity, inhomogeneity, and damping propert®4.[ These properties are more
prevalent in soft materials that have advantages in tactile sensor design. Various formats
describe the haptic information in real-world values, such as contact location, strength,
area, direction, motion, posture, temperature, etc. The inverse mapping functions are
typically unknown and nontrivial to represent analytically. Data-driven methods such as
machine learning show promising results in approximating these functions. We discuss
the most common real-world values for describing haptic information in Section 1.3.1
and describe the basic machine-learning methods successfully employed in haptic sensor
designs in Section 1.3.2.



Chapter 1 Introduction

1.3.1 Haptic Information

When thinking about which haptic information a sensor can provide, it is instructive
to discuss different kinds of contact events. One can distinguish the approaching, estab-
lishing, holding, in-position moving, and leaving phases. Approaching is the state before
the contact establishes. Proximity sensdi® [L13 are typically used to provide the
relative geometrical relation to an object. Imagine an object is grasped by a robotic hand.
When physical contact occurs or ceases to exist, haptic sensor values change abruptly.
Depending on the material, high-frequency vibrations can oetjr Puring a rm grasp,

I.e., a quasi-static holding, we can extract several properties about the interaction: center
of contact, contact area/shape, and normal/shear contact strength. A different situation is
when the hand is moving relative to the object's surface. It requires sensors to provide
the information mentioned above in real-time continuously. All the information can be
combined to extract a higher level of haptic information, such as the object's overall shape,
texture, roughness, hardness, material properties, etc.

1.3.2 Machine-Learning Methods

Machine-learning methods show high adaptability in solving nonlinear problems and
extracting useful information from various data typ62,[65, 67, 68, 114, 115 116, 117].
The basic rule shared between different machine-learning methods is that similar data
share similar properties. There are three major branches of machine-learning methods:
supervised learning, unsupervised learning, and reinforcement learning. In this thesis, |
only consider supervised learning:

argminiz Exy oL(f(X);y): (1.1)

We search for a functioif in the space oF that yields minimal expected logsunder
data &, y) from the data distribution dD. In practice, we can typically not nd the best
functionf because we cannot search through all functiorfs.iinstead, we aim to nd
a good enough solutiofi. For haptic sensors, we need to nddor solving the inverse
problem that maps raw sensor valugstf intuitive representationy); Instead of writing
f by hand, we can use machine-learning methods, as indicated by Eq. 1.1. The research
eld on this topic is large, and many function spaces and different optimization methods
have been developed. In my thesis, | focus on implementing regression tasks, i.e., where
y are real values/vectors R". Another typical case would be the classi cation task with
y being discrete.

A regular procedure for machine-learning methods used in haptic sensors is to collect
copious data, including raw sensor valugsgnd labelsy). Labels can be generated
by well-known quanti cation standards such as force in newt&7$ ¢r prior human
knowledge to describe the object property such as smoothh&8s The data is then
split into training-validation-test subsets. The training dataset is used to train a machine
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learning model with variable structures and tune-able hyperparameters. The validation
dataset is used to validate whether the trained model has over tting problems, which
may suggest a recon guration for the trained model. The test dataset is then used to
evaluate the sensor's overall performance and the machine-learning method. It reveals the
performance of the sensor in running time.

In the following, | introduce several representative machine-learning methods that are
favorably used in haptic sensors.

k-nearest Neighbors Algorithms (kNN) kNN [62] is a non-parametric method that
compares the incoming test data samples Witiearest training samples and outputs
an averaged or weighted label. It can be used for either classi cation such as object
smoothness leveld L9 or regression such as contact locations and force strent@k [

Support Vector Machine (SVM) SVM relies on non-linear kernel functions to map

the input (raw sensor values) into a high-dimensional feature space and nd a hyperplane
de ned by support vectors with maximum margin, such that all data points are still
correctly classi ed L21]. A similar procedure can be done for regression problems, called
support vector regression [120].

Random Forests (RF) RF builds numerous decision trees at the training time and
returns a class selected by most trees for classi cation or an averaged prediction of the
individual trees for regression. As done 2] for haptic applications, it can generate
reasonable predictions while requiring little structure con guration.

Gaussian Process (GP) GP is a non-parametric process with a kernel function measur-

ing similarity between data samples. GP compares the test samples with training samples
and outputs a mean estimate and the uncertainty represented by a one-dimensional Gaus-
sian distribution [58].

Deep Neural Networks (DNN) DNN is a category of arti cial neural networks (ANNS)
that works for both regression and classi cation tasks B]. It consists of multiple layers
of perceptrons with threshold functions between the inguad outputy) layers. A
simple function

f= Wss (W1X+ b1)+ b2 (1.2)

performs both linear transformationd4x+ b;) and nonlinear transformations ( )). The
parameters| = (Wy;Wb; :::;b1; bp; ;) can be adapted using stochastic gradient descent
by minimizing Exy p,..,L(f(X);y). A typical lossL for regression task is the square
lossL(Y;y) = &(Y Y)2. If W is a full matrix, we call them fully connected neural
network (FCN) or multilayer perceptron (MLP). It was found that it is useful to encode
knowledge about the structure of the problem into the structure of neural networks

11
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and bring inductive bias to the machine-learning methods. For example, convolutional
neural networks (CNNSs) are the regularized versions of MLP. They are primarily used

to process image-like data. CNNs utilize the hierarchical pattern in image-like data and
assemble patterns using smaller and simpler patch kernels/ Iters. In the end, hierarchical
information can be extracted at lower complexity compared to MLP [18, 20, 94, 108].

1.4 Thesis Contributions and Outline

1.4.1 Contribution

Haptic sensors are indispensable to enable robots to perceive when, where, and how their
bodies are contacting other things. A common theme for haptic sensors is integrating
many small sensing elements forming a grid along a at or curved surface. Each sensing
element, named taxel, is responsible for sensing interactions near its location. For typical
applications, a resolution is desirable that would imply numerous taxels. It is valid for
small surface sensing, e.g., at the ngertips, and for large surfaces, e.g., around limbs,
as shown in Fig. 1.1. A high density of smaller taxels and thinner wires are favorable
regarding high-resolution, but less ideal due to mechanical fragility, electromagnetic noise,
and crosstalk between taxels. Technical challenges arise concerning the physical size of
the taxels, growing manufacturing, and wiring costs. These closely relate to robustness
issues in hardware design. High- delity haptic sensors are still not widely commercially
available, and robustness issues often constrain their application.

Efforts are made to acquire as much tactile information as possible from only a few
physical taxels§, 124, 15, 125 126. The reduction of the number of taxels is generally
possible because a taxel can monitor a tiny area and an extended patch on the surface,
and multiple taxels can jointly provide information about tactile information at a certain
position. The particular material properties lead to a characteristic spread of contact
information to the sensing taxels. Different physical effects can be used, such as electrical
resistancef, 124, magnetic ux [15], thermo- and uid-dynamics]26, geometric
and mechanical propertie$d7], etc. The central idea is to solve the inverse problem
of inferring haptic information from a few sensors, effectively creating high-resolution
virtual taxels. It is also referred to as super-resolution sensing [128].

Haptic sensors transduce contact events into raw digital sensor values, which are
typically non-linear and have no direct indication of real-world values, such as force
in newtons, pressure in pascals, locations in 3D Euclidean spaces. Carefully calibrated
models using numerical methods can infer haptic information from sensor readings
with high-speed ef ciency. However, they sometimes lack precision due to modeling
assumptions and unintentional ignorance of partial real-world aspects. Data-driven
methods like machine learning are particularly suited to such systems because they
learn a suitable mapping function from data, which can be very complicated and contain
all real-world aspects of the physical sensor.

12
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Figure 1.1: Challenges in haptic sensor design for small and large surfaces: robots like
Poppy 123 need haptic feedback for small-scale (green highlighted ngertip — middle
left) and large-scale (white limb — bottom left) surfaces. This thesis focuses on creating
robust haptic sensors with super-resolution property that reduces taxel number, wiring,
and manufacturing costs. Machine-learning methods are employed to interpret non-linear
raw sensor values into real-world values and timely deliver the host robot with haptic
information, such as contact locations and forces.

Thus, this thesis aims to tackle two critical tasks. The rst is to create robust haptic
sensors for small-scale and large-scale surfaces with a few sensing elements and wires.
The second is to infer real-world haptic information from raw sensor readings in an end-
to-end data-driven manner. By jointly considering requirements on spatial accuracy, force
precision, unconstrained geometry, complexity in manufacturing, durability for long-term
use, and usability of haptic information, we developed two sensors for large-scale coarsely
resolved applications and two sensors for small-scale nely resolved applications. These
four sensors are data-driven and use machine learning to infer contact information such as
contact location and force strength.

There are two strategies tested for large-scale sensing. One is hapBef, and
it sparsely attaches a few sensor elements (strain gauges) on a large curved surface to
measure the deformation and uses machine learning to infer contact information over the
whole surface, as shown in Fig. 1.2 red boxes. Another is c&IRB-DNN, and it wraps
a large surface with a whole piece of conductive fabric, which varies its conductivity
depending on contact force, as shown in Fig. 1.2 green boxes. There are only a few
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electrodes connected to the fabric to read the spatial conductivity distribution. A machine-
learning method is used to interpret real-world haptic values from the raw measurements.
For small-scale sensing, there are also two approaches proposed. One iBaalledme

It sparsely embeds a few sensor elements (barometers) inside a soft elastomer to measure
internal pressure changes and uses a machine-learning method to predict contact details,
as shown in Fig. 1.2 purple boxes. Another is naimsight. It encloses a high-resolution
camera to view a soft shell from within and uses a machine-learning method to infer force
distributions, as shown in Fig. 1.2 brown boxes. Moreover, | proposed a uthemty

for explaining the super-resolution working mechanisms and giving guidance on sensor
designs at all levels, ranging from hardware design (material/structure/transduction), data
collection (real/simulated), and signal processing methods (analytical/data-driven). It
bridges sensor designs (hardware) with machine learning (data-processing) in a closed-
loop, as referred in Fig. 1.2 blue circle.

1.4.2 Outline

Machine-learning-driven haptic sensors require a data collection procedure. The data can
be either acquired by a designed testbed, collected in a fully integrated robotic system,
or synthesized using nite element methods. Data from different sensors have various
properties. Thus, we need to adjust machine learning structures to them respectively and
solve the tasks of inverse mapping from raw sensor values to real-world values adequately.
We have different focuses for the four sensor types introduced in this thesis due to the
individual data property. The thesis will introduce each sensor with its problems and the
solutions we proposed. It is organized as follows. We will rst introduceHllapDef

project in Chapter 2 and Chapter 3. The introduction offERF-DNN project is stated

in Chapter 4. Chapter 5 introduces thieeory project followed by the contents of the
BaroDome project. Chapter 6 introduces thesight project. We close with a discussion

in Chapter 7. We include a general introduction about the scienti ¢ contributions of each
chapter and clarify the respective author contributions in the following.

HapDef opts for a few small-sized physical sensor elements (strain gauges) measuring
internal deformations of stiff and shell-shaped links that form a sparse sensor con guration
with super-resolution property. Super-resolution describes a sensory capability that
transcends the sampling limit set by discrete receiving elements (a few small attachable
strain gauges)127]. It offers a couple of conceptual advantages: the system is robust
against environmental impacts because the sensor elements can be placed inside the
structure; the surface shape can be freely designed; only a few channels need to be read
out, reducing the energy consumption and increases the data rate. In this pipeline, we
make the following contributions:

* We propose a new way of implementing a large-surface haptic system by placing
a few strain gauges to measure internal deformations of a robotic limb and infer
the single-contact information thereof. On the theory side, we provide a method
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Figure 1.2: Thesis contribution overview. Red boxes describe the pidggaiDef. When

two ngers contact the 3D curved skeleton, the deformation is inferred from ten sensor
elements (red dots), shown as an unfolded 2D plan in terms of a color map. The contact
locations and forces are then extracted accordingly. Red crosses and yellow pluses are
ground truths and predictions, respectively, with variant sizes indicating different forces.
Green boxes describe the proj&RT-DNN. A few exible and conductive sewing wires
(green dots) are sewed on the conductive fabric. There is a conductivity change upon
object contacting, as shown in the orange shade around the contact area. A machine
learning model is built to infer the contact locations and forces for multiple contacts from
the raw measurements. Purple boxes show the prBgeciDome A few barometers

are sparsely embedded in a full soft elastomer to measure internal pressure changes. A
machine learning pipeline is established to predict contact information. Brown boxes
describe the project dhsight. A high-resolution camera is enclosed to view a soft shell
from within, and machine learning is used to infer the force distributions over the outer
sensing surface. The blue circle belongs to the prdjaebry. The theory explains the
super-resolution working mechanisms. The cajWas the super-resolution factor.

for determining the optimal position of sensor placement based on nite element
simulations. On the application side, we provide an assembly method for attaching
strain gauges to a complex 3D structure surface and design a testbed with four DoFs
to systematically collect single-contact data for training a machine-learning model.
The content is presented in [129], and details are introduced in Chapter 2.

Author contribution: Huanbo Sun and Georg Martius conceived the method and
the experiments; Huanbo Sun designed and constructed the hardware, conducted
experiments, and analyzed the data; Georg Martius supervised the data analysis.
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Chapter 1 Introduction

* We propose a real2sim framework to relieve the data insuf ciency problem in

inferring information for multiple-contact scenarios using the same hardware setting
mentioned above. Only the real single-contact data can be collected. We rst build
a nite element simulation model to describe the mechanical behavior of multiple
contacts and reformulate the model as an end-to-end machine-learning model. Then
we train a model to calibrate the simulation model with the real sensor system using
the trivially collectible real single-contact data, which is known as the transfer-
learning procedurelf3Q; As a result, this haptic sensor uses raw strain gauge values
and infers multiple contact information. The content is presente]jmpd details

are introduced in Chapter 3.

Author contribution: Huanbo Sun and Georg Martius conceived the method and the
experiments; Huanbo Sun designed and constructed the hardware, conducted the
experiments, and analyzed the data; Georg Martius supervised the data analysis.

ERT-DNN covers the robot links with stretchable conductive fabric monitoring the

resistance change upon the contacts exerted on, measured through a few electrodes sewed
on the fabric based on the electrical resistivity tomography (ERT) technique. ERT is

a method to reconstruct the resistance distribution over the conductive substrate from
electrical potentials combinatorially measured between a few electrodes assembled on its
boundary 124]. This design is bene cial to whole-body sensing for several reasons: the
fabric is exible and can seamlessly cover complex geometries; it is soft and can dampen
external impacts for safer interactions; it can be manufactured at a low cost and is durable
for long-term use. In this pipeline, we make the following contributions:
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» We rst validate the generalization property of our proposed real2sim framework in

such a large-scale ERT-based conductive fabric sensor. The work is preserfed in [
and Huanbo Sun contributes to this work with the idea of the real2sim framework.
We then extend the testbed (single contact capability) complexity with the ability
to automatically collect data of six contacts on an enlarged fabric sensing surface
simultaneously and have a more thorough statistical evaluation on the performance
of the real2sim framework taking the direct end-to-end mapping performance as
a baseline. We rst optimize and enlarge the sensor design and construct a new
testbed with six indenters with force sensors to collect ground-truth multiple-contact
data. We then build the real2sim machine-learning model (multi-physics model +
transfer-learning calibration) and the direct end-to-end model separately. In the end,
we statistically evaluate the performance of the real2sim framework. The content is
presented in [131], and details are introduced in Chapter 4.

Author contribution: Hyosang Lee, Huanbo Sun, Hyunkyu Park, and Gokhan Serhat
equally conceived the method and experiments; Hyosang Lee, Huanbo Sun, and



1.4 Thesis Contributions and Outline

Bernard Javot designed and constructed the sensor and the testbed; Hyosang Lee
conducted the experiments, collected and analyzed the raw data; Hyosang Lee
and Gokhan Serhat built the multi-physics model; Hyunkyu Park collected the
simulation data and contributed to analytical results; Huanbo Sun built the end-to-
end model and the real2sim machine-learning model and quantitatively evaluated
the performance under supervision by Georg Martius; Katherine J. Kuchenbecker
supervised the whole project.

Theory introduces the concept of the taxel value isolines to describe sensor behavior.
It describes the force sensitivity and spatial accuracies of contact position and force
magnitude in the form of variances. Machine-learning methods with least-squares loss
are used to minimize the variances and infer the contact informaB@am@Domeis an
application of the proposed theory. It is designed with a 3D conical ngertip-sized sensor
for a manipulator end effector. It sparsely embeds a few barometers inside a full soft
elastomer to measure the internal pressure changes and uses machine learning to infer the
contact information. In this pipeline, we make the following contributions:

» We introduce a theory for super-resolution-oriented haptic sensor design concepts
to derive the distribution of accuracy (contact location and force strength) and
sensitivity over the sensing surface from the sensor isolines. We evaluate the
in uence of different factors, such as the elastic properties of the materials, using
nite element simulations. We compare three representative real sensor element
types, empirically determine their isolines, and validate the theory in two custom-
built sensors with barometric elements for 1D and 2D measurement surfaces. Our
sensors obtain an unparalleled average super-resolution factor of over 100 and
1200, respectively, applying machine-learning methods. Based on theoretical
derivations and experimental results, we provide guidelines for future sensors design
from different perspectives of material properties and structure design choices and
baselines for evaluating the performance of trained machine-learning models. The
content is presented in [132], and details are introduced in Chapter 5.

Author contribution: Huanbo Sun and Georg Martius conceived the method and ex-
periments; Huanbo Sun derived the theory, designed and constructed the hardware,
developed fabrication methods, designed and conducted experiments, collected and
analyzed the data; Georg Martius supervised the data analysis.

» We apply the theory mentioned above in a real small-scaled application by designing
a 3D conical thumb-sized sensor for a manipulator end effector. We mold several
barometers inside an elastomer and wrap the elastomer over a dome-shaped central
core. This design gives a exible outer surface to protect the sensors while also
creates localized pressure measurements. We use machine learning techniques to
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Chapter 1 Introduction

interprets the raw barometric values into localized resultant directional force vectors.
Details about this work are in a subsection of Chapter 5.

Author contribution: Huanbo Sun, Hyosang Lee, Adam Spiers, Jonathan Fiene, and
Georg Martius conceived the method; Huanbo Sun designed and constructed the
hardware, developed fabrication methods, designed and conducted experiments,
collected and analyzed the data; Georg Martius supervised the data analysis.

Insight belongs to a new family of solutions towards small-scale nely resolved sensing,
typically using an internal camera that views the soft contact surface from within. Imaging
components are remarkably cheap these days, making vision-based sensors competitive.
By considering the goals and constraints from a fresh perspective, we have invented a
vision-based sensor suitable for dexterous robotic manipulation. In this design, we make
the following contributions:

» We present a high-resolution, soft, thumb-shaped sensor with all-around force-
sensing capabilities enabled by vision and machine learning; it is durable, sensitive,
accurate, affordable, and compact. The skin is made of a soft elastomer over-
molded [L33 on a stiff hollow skeleton to maintain the sensor's shape and allow
high interaction forces without damage. It utilizes structured light and shading
effects to monitor the 3D deformation of the sensing surface with a single camera
from the inside. The sensor's output is computed by a data-driven machine learning
approach, which directly infers distributed contact force information from raw cam-
era readings. This design shows promise in high sensitivity, high spatial resolution,
robustness, and a compliant soft sensing surface. The content is presed®4,in [
and details are introduced in Chapter 6.

Author contribution: Huanbo Sun, Katherine J. Kuchenbecker, and Georg Martius
conceived the method and experiments; Huanbo Sun designed and constructed the
hardware, developed fabrication methods, designed and conducted experiments,
collected and analyzed the data. Georg Martius and Katherine J. Kuchenbecker
supervised the data analysis.

In summary, this thesis contributes to several haptic sensor design strategies with
different emphases for various robotic applications, ranging from large-scale stiff robot
limbs to small-scale soft-stiff-hybrid robotic manipulators. | explore and propose different
sensor designs by exploiting the possibilities of machine learning for data processing.
The thesis also contributes to formalizing the theory of geometric super-resolution as
guidelines for future machine-learning-driven haptic sensor design. We will discuss the
pros/cons of these sensor designs and possible future directions for haptic sensor designs
in Chapter 7.
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Chapter 2

Large-scale Sensing with Sparse
Con guration

This chapter introduces a novel pipeline to infer haptic information of single contact on
the surface of a complex 3D structure from internal deformations measured by a few
low-cost strain gauges instead of dense sensor arrays. We tackle two critical problems
here: we rst optimize the number and the placements of sensors based on nite element
simulations, and then use machine learning techniques to infer single-contact haptic
information. We validate the framework performance on an in-house modi ed limb of a
humanoid robot135. We obtain 8 mm localization accuracy of single contact over the
sensing surface area of 200 mm120 mm using only nine strain gauges (8 mnd mm

each).

2.1 Introduction

We are witnessing a rapid evolution of robot technologies ranging from robots with stiff
links [26, 27, 28, 29, 30, 31, 32] to soft robots B3, 34]. Even though actuators and sensors
have become increasingly powerful and compact, robots are still far from matching human
capabilities, especially when it comes to touch sensation. Robots need such a capability
to reliably learn interaction patterns for mastering real-world challenges in a long-term
period R4]. For this, haptic sensors have to be robust in order to sustain long-lasting
experiments. Moreover, another essential aspect of robotic hardware is its price. A low
cost makes robotic technologies widely accessible and thus facilitates research.

In this chapter, we aim to provide a solution of an affordable haptic sensing system de-
sign for large-scale sensing. Related works about large-scale sensing have been proposed.
In [11], multiple Hex-0-Skins chips are placed next to each other to cover the sensing
surface. Conductive fabrics with stitched wir&$ ¢r conductive rubber incorporating
non- exible electrodes{7] wrap the whole sensing surface. Cameras are placed inside the
skeleton that views the soft contact surface from withihl] 22, 112. Wiring problems
and bulky physical settings make these approaches nontrivial to be directly used in real
applications.
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Chapter 2 Large-scale Sensing with Sparse Con guration

Figure 2.1: Overview of the method: Inferring single contact haptic information from a
few sensors. We modify the shin part of a humanoid robot to validate our proposed idea.

This chapter provides an affordable, robust, and suf ciently accurate method for
inferring haptic information on a large 3D sensing surface (a robot limb). We use a few
physical sensors to measure internal deformations, rather than rely on a dense array of
sensors on the robot's surface. It brings a couple of conceptual advantages. The system
is robust against environmental impacts because the sensing elements are placed inside
the structure. In addition to the exibility in designing the surface shape, only a few
channels have to be read out, reducing energy consumption and increasing data transfer
rates. Fly in the ointment, the proposed solution depends on multiple taxels' joint response
about contact at a certain position, while an individual taxel doesn't directly inform the
stimulation quantity. An inference mechanism is needed to estimate the haptic information.
We thus propose using machine learning methods to perform the inference ef ciently. To
acquire as few sensing elements as possible, we employ several optimization schemes to
determine optimal sensor placement.

The contributions of this pipeline are as follows. From the theory perspective, we
propose a new way of implementing a whole surface haptic sensor and provide a method
for determining sensors' optimal number and position using nite element simulations.
From the application perspective, we provide an assembly method for attaching the strain
gauges, design a hardware system to collect data systematically, and demonstrate the
sensing system on a robotic limb. The chapter is structured as follows. Section 2.2
presents the method by rst giving an overview and then investigating optimal sensor
placement. In Section 2.3, we present the results on the robot limb. We close with a
discussion in Section 2.4.
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2.2 Methods

Figure 2.2: We build a nite element model to analyze the mechanical deformation
property of the structure.

2.2 Methods

In this study, we recon gure a limb of the Poppy robot with inner rigid supports and a 3D
exible outer shell. We propose to implement haptic force sensing for the exible shell by
attaching a few deformation sensors (strain gauges) on the inner side and use machine
learning methods to infer single contact haptic information, as illustrated in Fig. 2.1.

We use nite element simulatio’ANsYs[136]) to access data indicating how forces
applied to the structure propagate into deformations measurable by the sensing elements.
Based on the dataset, we answer the question of where to optimally place the sensor
elements given the limited sensor number and the accuracy requirement. Given the
simulated deformation patterns for different force impacts (dataset), the problem can be
stated: LeiX 2 RM N denote the deformation &f measurement points on the shell inner
surface ang 2 RM 2 the applied force's position fdvl different contact locations. We
look for a subset of measurement locatidnamong all possible pointd such that the
contact locations can be well-inferred i. e.:

argmin E[kf(X.a) pk3] d ; (2.1)
A N
wheref( ) is a learned mapping functiod,is the tolerated error, artd is the expectation

operator.
Our approach to approximate Eq. 2.1 comprises the following steps:

collect a dataset of deformations based on the simulation (Section 2.2.1);

Iter possible sensor locations according to physical constraints (Section 2.2.2);

learn a regression model to infer the contact positions (Section 2.2.3);

decide the number and position of sensors needed for a pre-determined accuracy
(Section 2.2.4).
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Chapter 2 Large-scale Sensing with Sparse Con guration

Figure 2.3:(a) Unfolded geometry: Light blue dots indicate all 3000 sensing locations, red dots
indicate available sensing locations, and black dots indicate the most informative chosen positions.
(b) Exclude positions that are affected by edge effects are excluded using the KNN method. When
the center of k-NN positions (gray) is outside the red-dashed disc with a certain gadhes

position is considered as at the edge (blue), otherwise labeled as feasible assembly position (red).
(c) The compressive sensing method is used to reconstruct the original data from a small subset of
informative sensor positions.

In the end, we validate our design with the optimal selected sensor positions and the
inference model on a real robotic limb (Section 2.3).

2.2.1 Finite Element Simulation

We use a nite element simulation of the 3D structure to get the deformation patterns

caused by impact forces. In the simulation, we can apply forces to every location on the
surface and record the deformations of all nely discretized positions on the structure, as
illustrated in Fig. 2.2. For the example shin structure with a sensing surface area of 200
mm 120 mm, we obtain around 4 000 different contact locations and 3 000 different

sensing locations.

2.2.2 Filtering Feasible Sensor Positions

Not all the 3000 sensor positions allow for physical sensor placement due to constraints
imposed by the sensor size and sensing range. Strain gauges need to be placed on relatively
at surfaces rather than curved edges. It is disadvantageous to place them near highly
rigid supports where only small deformations occur. As shown in Fig. 2.3a, we discard
positions close to the rigid support at the top and the bottom of the structure (visualized

in a 2D unfolded surface). We ugeNearest Neighbor (kNN) to eliminate candidate
positions at the edges by checking whether the center of mass is outside a certaiq radius
(Fig. 2.3b). Remaining positions (2 162) are kept (red points) as feasible sensor positions.
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2.2 Methods

Concerning the ef ciency in the optimal selection of sensor positions, we use com-
pressive sensing techniques to further reduce the number of candidates. Compressive
sensing 137] is a category of techniques optimized to accurately reconstruct sparse or
compressible signals from a limited number of measurements. We use the method of
Principal Component Analysis (PCA) with QR-Pivoting3g. It uses PCA to compute
the principal components explaining the variance in decreasing order. The QR-pivoting
selects those positions that are most important for the top principal components. Details
are elaborated in Section 2.2.4, and Fig. 2.3c displaces the linear reconstruction error (un-
explained variance) dependent on the number of selected sensor positions. For 1% error,
we can select 407 candidates out of 2162 positions (marked as black dots in Fig. 2.3a).

2.2.3 Contact Position Inference

We want to extract higher-level haptic information based on the deformations measured
at each candidate position, such as contact locations and force strengths. In this chapter,
we formulate our goal as a regression task that directly maps deformations to contact
locations. We use the method of Support Vector Regression (SVH) here. SVR

is a subbranch of Support Vector Machines (SVI#39 that combines the strength of
non-parametric techniques with ef cient storage requirements of parametrized models.
The idea is to non-linearly map the inpu¢deformations) into a high-dimensional feature
space using kernel tricks and then nd a hyperplane de ned by support vectors with a
minimum margin for regressing contact locations.

The mathematical model is

F(xw) = gWi gi(x) + wo; (2.2)
i=1

whereg;(x) is a nonlinear feature mapjp andw; are the coef cient parameters. The
regression error for each examplas xj = max0;jF(x;w) pj e),i.e., the deviation
from the targefp; larger thare. More speci cally, the inpuk is the vector of deformations
at the sensor positions, and the targés the py; py; p, position of the contact point. The

loss function of the SVR model is formulated as

n
= 3kwk§+ Ca xi; (2.3)
2 i=1
whereC controls the trade-off between the complexity of the regression mb@eidqrm

of w) and the marginal error. SVR computes scalar products of elements in the feature
space as a similarity check between inpytahich can be expressed as the scalar product
using an appropriate kernel functi@(x;; x;) = g(x)” g(x;). We choose the radial basis
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Chapter 2 Large-scale Sensing with Sparse Con guration

function (RBF)
KX Xj)= exp g % X ° (2.4)

with hyperparameteg controlling the sensitivity to distance. We use the package of
Pythonsklearn[14( and implement k-fold cross-validation to select the opti@aé,
andg . Using all candidate sensor positions @&%%6of the data as training data, SVR
can achieve an average test erroB&fmm(C= 0:1,e= 10 4,g= 2 10 3, ve-fold
cross-validation).

2.2.4 Optimal Sensor Placement

We propose different ways to select the optimal sensor positions, which can be grouped
into data-driven methods and model-based methods, as summarized in Fig. 2.4. Data-
driven methods rely on previously collected data and select the subset of sensors the
regression model performs the best. Model-based methods rely only on the geometric
position of the sensors, without dependencies on the collected data. We propose a greedy
SVR method since suf cient data is available and the actual dependency between the
sensor locations can be accessed. In comparison, we also provide results using a linear
compressive sensing method and two model-based methods.

Data-driven method: Nonlinear Greedy Support Vector Regression

The goal is to select a combinationkfsensors that perform best on average at inferring
the contact position for unseen stimulation. It is empirically intractable to search through
2 different possibilities withtK > 4. Thus, we use a greedy strategy. We rst select the
best single sensor position usikgdold cross-validation and then add the second sensor
position that gives the best performance and so forth, where the performance is de ned in

terms ofk-fold cross-validation (Alg. 1 and Fig. 2.4).

Data-driven method: Linear PCA with QR Pivoting

As mentioned in Section 2.2.2, the sensor number can be reduced using compressive
sensing methods. Here, we provide details about the speci ¢ method, i.e., PCA with
QR-Pivoting [138]. Compressive sensing relies on two fundamental functional matrices:
feature transform bas¥ 2 RN N and sub-sampling matrix 2 R™ N. Y transforms

raw measurements2 RN 1 into a sparse representative spac2 RN 1 wherea hass
nonzero elements:

X=Y a: (2.5)
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Figure 2.4:Methods for optimal sensor placement. The top row indicates two data-driven
methods. Greedy SVR adds the best sensor positions one by one, taking the inference accuracy
as the baseline. PCA-QR pivoting takes the reconstruction accuracy of deformation as the target.
The bottom row shows two model-based methods. Entropy criterion: Each sensor has the same
ability to detect uncertainty indicated as the same radius. Disk S1, S2, S3, S4 are rst selected
as the overlapping area is zero such that the ability to discover total uncertainty is maximized.
However, those areas outside the red FOV are wasted. Mutual Information criterion: The blue
shaded area indicates the shared information between the selectedngkthe unselected set

Dna- An explanation for Eq. 2.13: For each step, we choose the sgnddch shares the least
information with the se\ but represents most information of the rest unselecteD ggt,) and
generally maximize are@dl ).

F choosesn measurements frofMd optimally such that the representatiarcan be most
accurately reconstructed from the measuremet®™ 1 using thel; norm:

a = argminka %k, st X=F Y a; (2.6)
a

where the number of measurements and the sparsity of transformed signal have to follow
the Restricted Isometry Propertydg: mé& s log(N). We transfer the optimal placement
task into a linear optimization problem that is conditioned on the operatoY §. The
central challenge is now to nd an optimal compressing raw dataef ciently and

design a goodr such that the operatoF( Y) is well-conditioned.

PCA is an unsupervised linear dimension reduction methdd][ It detects the di-
rections of maximum variances in high-dimensional data and projects data onto these
directions, forming a smaller dimensional subspace while remaining most of the infor-
mation. We preserve the rstprincipal component¥ s of Y to ensure the sparsity in
a and then choose an optimal sub-samplngp constrain the reconstruction error of
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Algorithm 1 Greedy SVR

1: Input data: DeformationX 2 RM N, force position ;y2 RM 3, maximum sensor
budgetK
2: Data standardization & k-fold cross-validation dataset prepardtioh:::; XXg,
fylyhg
Selected nodesA= 0
fori:1toK do
for m:1to M 62A do
for j:1tokdo
A’ Al m
e k SVR(XIfAY) ylk
end for
10: error,  mearge)
11:  end for
12: A A[ argmir(error)
13: end for

Eqg. 2.6 based on the condition number criterion:

S FY
c= SmadF Yo), (2.7)
Smin(F Ys)
SinceF is, in fact, a permutation measurement matrix, it can be designed as a column
pivoting matrix ofY s. QR factorization with column pivoting selects the highest singular
values to maximize mj, and minimizec. Details are shown in Alg. 2 and Fig. 2.4.

Algorithm 2 PCA with QR Pivoting

1: Input data: Deformation PatterXM N, Maximum Sensor Budgét
. Data standardization
. Principal Components Decompositiz N
: fori:1ltoK do
Pick 1 :i'" principal componenty N !
P QR-Pivoting(YN )
Sensor node markerP{0 : ]
end for

© NGk Db

Model-based method: Gaussian Process

Methods that rely only on the geometric location of the sensors can also tackle optimal
sensor placement. They are categorized into model-based methods with model assump-
tions of homogeneous geometry and xed sensing radius for all sensors. A Gaussian
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Process (GP)[15 117] is such a convenient model. It constructs a covariance structure
to measure the similarity between sensor locations, ensuring similar locations with similar
sensor values.

A GP procedure speci ed for our setting can be formalized as in the following. Given
a set of sensorA, their positiongpa, and their deformation dabé,. , we can predict the
distribution of deformations at a different sengawith locationpy. The meamy;, and
standard deviatiosy;, are given by

Mia= M+ Sya Spp Xa MY); 2.8)
Sga= KYY)  Sya Sax Syal (2.9)

where np = J%jéazAX;A is the vector of mean sensor values for the sensorA, in
Saa(i; ) = k(pi;pj)+ b 1di;j is the covariance matrix for all sensarg 2 A with djj
being the Kronecker delta, atdis a hyperparameter. Similarl§;(i) = k(pi; py) is the
vector of similarities with the new sensor location.

The GP is a non-parametric process but relies on a xed kéine). Kernels can be
polynomial, quadratic, and exponential. In our setting, the deformations can be described
as bending a thin plate [142]. Thus, we use an exponential kernel

!
dx;x9 'p

Iscale

k(x;x9 = exp (2.10)

with hyperparameters of the length schig e and the distance norig. The distance
d(x;x9 is measured as the approximate geodesic distance rather than the Euclidean
distance because the surface of the 3D structure is curved. We use cross-valiigon [

to select the hyperparameters. We dedidge= 0:033andl, = 1:9 based on a grid
search.

Probabilistic modeling, here GP, allows us to use information criteria for picking the
most informative sensor positions. We evaluated two information-related methods. One
minimizes the uncertainty about the non-measured locatemisopy) over the whole
sensing surface. The other maximizesnmgtual information(MI) between the selected
sensor locations and the non-measured locations.

Algorithm 3 Entropy Criterion
1. Input data: GP, sensor buddét
2: fori:1toK do
3y argmaxpy,S;, using Eq.2.9
4 A Aly
5. end for
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Entropy Sensor locations should be chosen that minimize the uncertainty about the
entire permissible locationg. It can be quanti ed as the conditional entropy of the
unobserved locationg,, given the observed ones, i. el(VajA) [143. Mathematically,
we seek for:
A = argminH(VpajA) = argmax(A); (2.112)
AV AV

as detailed in143. Since Eg. 2.11 involves a combinatorial search, we solve it greedily,
as implemented in the SVR case (Section 2.2.4). The entropy of a Gaussian distribution
is given asH(N(m s 2)) = %In(Zp% 2). The algorithm is shown in Alg. 3. It suggests
choosing sensors far away from each other, as indicated in Fig. 2.4. The selected locations
tend to sit on the boundary of the space, inef ciently using their entire detection disk.

Mutual Information  Another method used irl§43 is Mutual Information (Ml). It
measures the shared information between selected and unselected locations:

MI(A;Dpa) = H(Dpa) H(DpalA); (2.12)

whereD is the set of all locations, including not permissive sensor locations (light blue
dots in Fig. 2.3a). A graphical explanation is shown in Fig. 2.4. Since maximizing the MI
betweerD,, andA is a combinatorial problem, a greedy method is used. We select the
location with maximum additive MI:

y = argmaxMI(A[ ¥;Dpary)  MI(A;Dpa) (2.13)

VoA

as detailed in Alg. 4 and intuitively indicated in Fig. 2.4. For each step, we choose
the sensoy that shares the least information with gebbut represents most of the rest
unselected sdd,5 y and generally maximizes areld ( 1).

Algorithm 4 Mutual Information Criterion

1. Input data: GP, sensor Budgét
2: fori:1toK do

30 B(Y)= Dnary)
2
4y argmaypy, S—Sﬁ using Eq. 2.9

YiB(Y)
5 A Aly
6: end for
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Figure 2.5:Results of optimal sensor placement. (a) Picked optimal positions based on four
different criteria. indicates a physical sensor with failure (Section 2.3.3). (b) Prediction error on
test dataset comparing four different methods. (c) Robustness test.

2.3 Results

We rst compare the above methods to decide the optimal sensor placement based on the
simulation results and then validate it to an actual robotic limb.

2.3.1 Optimal Sensor Placement in Simulation

Here, we compare the performance of the sensor placement using the above methods.
We present the selected sensor positions in Fig. 2.5a. The PCA-QR method suggests
locations on the edges of each beam whose deformations have the highest variances. The
SVR method recommends locations on the two off-center parallel beam§@mm

andy 130mn), where deformation from both sides can be measured. Noticathe
sensor position suggested by SVR locates closely to two already selected sensors, while
a more centered position would be expected. Further senkifs (30" not shown)
recommended by SVR are mainly at the boundaries rather than the center. We hypothesize
that the areas near boundaries are more rigid and less sensitive to applied force, which
requires a higher sensor density to get high inference accuracy. The model-based methods
(Entropy, MI) are purely based on geometric information. The Entropy criterion suggests
placing sensors toward the edges and homogeneously distribute them on the entire space.
The Ml criterion recommends that the positions be more centered.

After selecting the optimal sensor positions, we compare the four methods using the
SVR contact location inference to evaluate the prediction performance(Section 2.2.3). As
indicated in Fig. 2.5b, data-driven methods work better because they can exploit the data
structure. The PCA-QR is not a greedy method and suggests different combinations of
sensors for each sensor budietThus, the prediction error is not guaranteed to be in
descending order. In conclusion, a few sensors can already lead to a small prediction error.
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Table 2.1:Strain gauge assembly procedure

Step Details

Wire SG and cover SG with scotch tape to isolate adhesive.

Cover SS with preservative Im to isolate adhesive.

Insert absorbent wool between SG and SS to absorb the adhesive.
Position SG on SS.

Clean internal skeleton surface and SG surface.

Coat SG and internal skeleton surface with prepared adhesive.
Pre-tighten the whole structure and cure forag+ 20 C.

Disassemble SS and clean surface.

oO~NO U WN PR

Using the simulation data, we acquire a precistobO mmfor ve sensors, and roughly

2:5mm for ten sensors, selected using the greedy SVR method (Section 2.2.4).
Moreover, we also check the robustness of the selected positions against failing sensors,

as any physical device is susceptible to failure. We test the prediction error with different

degrees of sensor failures, i. e., out of ten sendais5 are broken. As shown in Fig. 2.5c,

the greedy SVR method has the highest robustness against sensor failuré@sio For

failures, the performance drops by 5mm.

2.3.2 Hardware Setup

We use the ten sensor positions suggested by the greedy SVR method and implement
it on an actual robotic limb. In the following, we introduce the hardware setup details
that include the physical sensor selection, the assembly process, and the data acquisition
procedure.

Sensor choice We use strain gauge (SG) sensors because they are generally affordable,
widely available, and relatively straightforward to use. For the 3D-printed plastic robot
parts with potential strong deformations, we choose SGs with a 20% elongation rate. It
ensures that the SG's nite extension is within the maximum elastic deformation of the
limb. The chosen SG (Micro Measurement, EP-08-250BF-350) has a long lifetime and
high fatigue strength, while it can only measure deformation along one direction. The
SGs are suggested to be assembled along with the beam directions according to nite
element simulations.

Sensor assembly Strain gauges have to be attached to the inner side of the 3D plastic

structure with precaution to avoid damage or malfunction. The assembly procedure is
challenging because it is inside the hollow structure. We develop an assembly approach
with a custom support structure (SS), as shown in Fig. 2.6a. The support structure has little
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2.3 Results

Figure 2.6:Experimental setup and results. (a) Support structure (SS) for assembling strain
gauges (SG); (b) Testbed with four DoFs to collect data of single contact on the surface; (c)
Prediction error comparison between simulation and real physical setup.

arms to pre-tighten each SG at the selected position. The arms are held by a middle axis
during the adhesive curing process and can be pulled out for disassembly. The assembly
process is presented in Tab. 2.1.

Data acquisition To acquire the dataset for training the machine learning algorithm, we
record sensor measurements for different force stimulations. The classic data acquisition
circuit for SG is a Wheatstone bridg&44] that measures electrical resistance change by
balancing two legs of a bridge circuit. We integrate a temperature compensation function
into the circuit because SGs are sensitive to mechanical stress and temperature variance.
We use a half-bridge Wheatstone layout, an operational ampli er of MCP609, and an
Arduino Due. The circuit has twelve ADC 1/O ports with 12 bits of resolution. The
SG's deformation is ampli ed by a factor of 330 and converted to 4096 different values
over3:3V. We build a testbed with a force sensor tip to collect numerous sensor-force
measurements in an automated way. The testbed offers three Degrees of Freedom (DoF)
in translation¥, ¥,z and one DoF in rotatior?ﬂ(). The testbed is equipped with a force
sensor (FC2231). The whole setup is visualized in Fig. 2.6b.

2.3.3 Experimental Results

We validate the proposed “HapDef” system on a modi ed limb of the Poppy rd&8 |
The limb has rigid internal support and a exible shell to detect contacts. The support
structure sustains the forces acting at the joints and avoids shell deformations under no
contact. We assemble ten SGs to positions suggested in Fig. 2.5a. One of the SGs is
malfunctioning, which is shown as a cross in the gure. Each SG value is calibrated to be
zero if there is no contact.

We visually discretize the outer surface of the exible sensing shell into homogeneously
distributed points (3 000), avoiding the edges and boundaries so that the force-tip does not
slide off. Then we let the testbed automatically move the force-tip towards the exible
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Table 2.2: Inference error of contact position and magnitude w.r.t. force strength

Force Interval [N] Position Error [mm] Amplitude Error [N]

0-4.9 2543 13.36 1.05 1.01
49-9.8 11.95 11.85 1.19 1.19
9.8-19.6 5.90 7.79 142 1.78

19.6 - 34.3 4.48 6.29 154 221

shell to apply normal forces at each location. Upon contact establishes, the testbed moves
the force-tip with incremental steps of 0.2 mm to a maximum penetration degtmof

We regroup a dataset by choosing the largest force simulation at each contact location
(3000 locations in total) and split the dataset into training/validation/test subsets with a
ratio of 8/1/1. We train an SVR model by performing hyper-parameter selection based
on the validation se@= 20,e= 10  andg= 2 10 3). We evaluate the inference
performance on the unseen contact locations. Under consistent conditions, we implement
the above procedures also in a simulation setup. As shown in Fig. 2.6c, the hardware
implementation achieves half of the simulation accuracy. The average inference accuracy
of the contact position is belo@mmover the whole surface @00mm 120 mmusing
only nine physical sensors.

Moreover, we train an SVR to evaluate the inference accuracy w.r.t. contact strengths,
varying from light to strong. As shown in Tab. 2.2, SVR has low inference accuracy for
light contact and high for strong because fewer sensors get activated by light stimulation.
The absolute inference accuracy of force strengths varies little w.r.t. force strength.
Consequently, any strong touches on the surface can be reliably detected and be used as a
warning signal, which improves the haptic system's robustness.

2.4 Conclusion

We introduce a method to obtain a robust haptic sensing system using only a few defor-
mation sensors. A machine learning approach powers the sensor device. After a learning
period, the system can reliably localize contact all over a curved surface. Moreover, the
system is very durable as the physical sensors are placed inside the structure. Only nine
sensor values need to be acquired and processed. The computational requirements are also
low during operation, as the inference of the force location is made via Support Vector
Regression. However, other machine learning methods, such as Deep Neural Networks,
are also feasible. In addition, we evaluate different methods of choosing optimal sensor
locations for a sparse sensor con guration. We nd that data-driven methods outperform
geometry-based methods. The proper selection strategy can reduce the required number
of sensors by 50% without signi cant loss in accuracy. In the next chapter, we will
investigate more accurate force information inference and multiple-contact detection.
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Chapter 3

Transfer Learning for Multiple-Contact
Inference

This chapter introduces a general real2sim machine-learning framework to infer multiple-
contact haptic information for the modi ed “Poppy” limb stated in Chapter 2. This
framework solves the data insuf ciency problem for multiple-contact scenarios, where we
can only trivially collect single-contact data in the real physical world out of complexity
consideration. The general idea of this framework is rst to build a nite element
simulation model to describe the mechanical behavior of multiple contacts and reformulate
the model as an end-to-end machine learning model. Then we calibrate the simulation
model with the real sensor system using transfer learning based on the real single-contact
data. We validate the framework performance to improve the single-contact accuracy up
to 3mm and obtain 10 mm accuracy for double-contact.

3.1 Introduction

Haptic feedback at large parts of the body is essential for robots to learn interaction
patterns, exploit the environment, and detect unexpected or safety-relevant situations for
mastering real-world challenges. Haptic systems for large-scale sensing should ideally
provide contact parameters, such as contact location and force information for multiple
contacts, with high spatial and temporal resolution (referring to human ser<igg. [In
addition, such systems should be: robust to long-lasting impacts, low-cost, energy-saving,
and computationally inexpensive.

The work done in Chapter 2 shows advantages in large-scale sensing with a trade-off
of the above-listed criteria, which employs machine learning for single-contact estimation
from a sparse sensor con guration. With this method, contact position and force magni-
tude can be inferred with suf cient accuracy on a robot limb with a surface of about 200

120 mm equipped with only nine strain gauges (8 mm). Using the same physical
setup and taking it as a basis, we explore in this chapter the potential of the setting for
more precise estimation and the extension to multiple-contact scenarios (Fig. 3.1).

A data insuf ciency problem arises for multiple-contact detection within the data-
driven inference scheme. Because performing data collection for multiple contacts is
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Figure 3.1:Ultimate goal: Inferring multiple-contact haptic stimulation from a few measurement
elements.

physically challenging. Multiple independent force-tips operated by more than one robot
arm would be needed to stimulate the haptic system in a controlled way. Thus, in this
chapter, we propose a real2sim framework to solve this problem. We build a nite element
simulation model to analyze the mechanical behavior of multiple contacts, collect data
for multiple-contact cases and calibrate the simulation model with the real system using
physically collected single-contact data. In this way, the knowledge of multiple contacts is
transferred from the simulation model to the real physical setup. We name this procedure
as a real-to-simulation transfer learning framework (shortened as real2sim framework).

To evaluate the multiple-contact tactile spatial accuracy, we refer to the acuity of the
human tactile perception threshold quanti ed by the “two-point discrimination” criterion,
widely adopted to examine tactile perception in clinical settirig§[147]. It indicates
the ability to discriminate two nearby stimulation on the skin into two distinct contacts
instead of one. In human bodies, this ability essentially differs from body part to body
part [145. We will compare our real2sim framework performance with the acuity on the
shin, palm, and ngertip.

This chapter is structured as follows: Section 3.2 presents the method by rst giving
an overview and then investigating the different aspects from single- to multiple-contact
prediction. In Section 3.3, we present the results on the robotic limb. We close with a
discussion in Section 3.4.

3.2 Methods

To tackle the multiple-contact estimation task, we propose a new pipeline based on neural
networks. We begin with the problem description. Given readings of a few physical
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