
Hybrid Rigid–Soft Industrial Gripper:
Actuation, Design Enhancement,
Multi-Modal Sensorization, and

Real-Time Coordinated Control for
Automotive Assembly

Muhammad Usman Khalid
Department of Mechanical, Energy, Management, and Transport

Engineering (DIME)
University of Genova

Supervisor:
Prof. Prof. Matteo Zoppi

In partial fulfillment of the requirements for the degree of
Doctor of Philosophy

November, 2025





Abstract

The growing complexity of industrial automation and the shift toward
human–robot collaborative manufacturing demand robotic grippers
that combine mechanical precision, adaptive compliance, and intel-
ligent sensing. This doctoral thesis addresses these needs through
comprehensive research on actuation mechanisms, kinematic analysis,
design enhancement, advanced sensorization, and industrial imple-
mentation of a versatile universal gripper system capable of handling
components from delicate items to complex rigid parts. In parallel,
it contributes to industrial robot control within the EU Horizon SES-
TOSENSO project.
The work begins with a detailed kinematic analysis of a novel three-
finger gripper architecture. Each rigid mechanical finger integrates
a Chebyshev–parallelogram linkage mechanism with a thermoplas-
tic polyurethane (TPU) contact interface. The mechanism produces
near-linear trajectories with a deviation of ±0.033 mm and a me-
chanical advantage of 6.06:1. Independent actuation is achieved using
JVL stepper motors with embedded programmable logic controllers
(PLCs), communicating via Modbus remote terminal unit (RTU). The
control architecture supports torque-based and velocity-based stall
detection, both operating in real time with configurable thresholds.
These strategies enable reliable grasping without dedicated force sen-
sors by leveraging internal motor feedback parameters.
Gripper enhancement is guided by a quantitative deflection coefficient
to assess finger wrapping and by quasi-static force–displacement test-
ing. The original four-bar parallelogram was redesigned into a six-bar
linkage with compliant pads. This eliminates link interference limita-
tions while preserving the essential kinematics, resulting in adaptive
grasping capability. Pull-out tests demonstrated improved force pro-
files for complex automotive parts and reliable manipulation of objects
from 100 g to 7.5 kg.
Vision-based sensorization was achieved through an embedded Rasp-
berry Pi Camera V3. The integration of vision-based sensing within



the additively manufactured soft finger structure establishes the fea-
sibility of achieving multiple sensing modalities with a single com-
pact embedded system while retaining the characteristic properties
of the fingers. The proposed system successfully estimates normal
interaction forces, measures internal deformation (Z-displacement),
classifies the position of the applied force, and detects slip events
with the complete sensing pipeline processed on an embedded plat-
form while avoiding complex signal disambiguation challenges and
occlusion issues. Complementing this, a fully flexible resistive sen-
sor was fabricated via fused deposition modeling (FDM) printing and
embedded in the finger for contact and bending detection. A novel
light-angle sensor array was also developed using a custom four-layer
rigid-flex printed circuit board (PCB), where prototype sensors suc-
cessfully demonstrate distributed tactile sensing capabilities.
The universal gripper and sensing systems were validated on a CO-
MAU six-degrees-of-freedom (6-DOF) industrial robot in diverse grasp-
ing trials, confirming adaptability, robustness, and sensing reliabil-
ity. Separately, within the SESTOSENSO project, real-time control
strategies were developed for coordinating a KUKA KR150 robot
with a UR10 cobot via robot sensor interface (RSI) and robot op-
erating system (ROS) in an automotive roof assembly task. This
work addressed control architecture, real-time trajectory correction,
and safe human–robot collaboration in confined, visually occluded
environments.
This thesis advances the state of the art in hybrid gripper systems
by integrating rigid precision, soft adaptability, and intelligent sens-
ing with industrially validated control strategies. The outcomes di-
rectly support Industry 4.0/5.0 objectives, enabling flexible, high-
performance automation adaptable to diverse manufacturing require-
ments.
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Chapter 1

Introduction

1.1 Thesis Overview
Industrial automation and robotics have witnessed unprecedented growth in re-
cent decades, driven by the demands of Industry 4.0 and the need for flexible,
adaptive manufacturing systems and now leading to Industry 5.0 with the adop-
tion of human–robot collaborative manufacturing Guerra-Zubiaga et al. (2022);
Park et al. (2020). The increase in the complexity of industrial automation and
the evolution toward Industry 5.0 have created a demand for robotic grippers that
combine mechanical precision, adaptive compliance, and intelligent sensing. In
modern production environments, manipulators must have the capability to han-
dle objects that vary in size, shape, and material properties while maintaining the
precision, robustness, and reliability required for high-throughput manufacturing
Demirsoy et al. (2024a); Hernandez et al. (2023).

This doctoral thesis addresses these challenges through comprehensive re-
search on advanced robotic manipulation systems for industrial applications. The
work encompasses two parallel research streams: the study of a novel univer-
sal industrial gripper with multi-modal sensorization and the implementation of
advanced robot control strategies for human-robot collaborative manufacturing
within the EU Horizon SESTOSENSO project European Commission (2022).
The gripper research spans actuation mechanism, kinematic analysis, mechanical
enhancement, and multi-modal sensorization, resulting in a versatile grasping so-
lution that combines the precision of rigid mechanics with the adaptability of soft
robotics for handling diverse industrial components ranging from delicate items
to complex rigid objects. Separately, the thesis contributes to the SESTOSENSO
project through the design and implementation of advanced control strategies for
the real-time coordination of an industrial robot and a collaborative robot in an
industrial assembly application.

The core gripper design of the versatile three-finger universal gripper bridges
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the gap between traditional rigid grippers and emerging soft robotic systems. The
gripper architecture features modular fingers; each mechanical finger integrates a
Chebyshev–parallelogram linkage with a thermoplastic polyurethane (TPU) self
-adaptable finger as the contact interface. Thus, it benefits from the precision and
ruggedness of its mechanical structure, along with the flexibility of the compliant
material for safe object interface. The compound linkage mechanism transforms
the linear input at the Chebyshev linkage into angular motion driving the parallel-
ogram linkage interfaced with the self-adaptable finger, maintaining near-perfect
linear motion (±0.033 mm deviation) with a 6.06:1 mechanical advantage. Inde-
pendent finger actuation is provided by JVL stepper motors with embedded pro-
grammable logic controllers (ePLCs) communicating via modbus remote terminal
unit (RTU). The developed control architecture supports both torque-based and
velocity-based stall detection strategies, with configurable thresholds enabling
grasping without dedicated sensors by leveraging internal motor feedback param-
eters.

Beyond the baseline gripper design, systematic enhancement methods were
explored to achieve improved grasping. Improvements in the soft finger design
and the linkage mechanism were investigated. The research uses a deflection coef-
ficient quantification approach for the evaluation of soft finger wrapping behavior,
and quasi-static force–displacement testing allowed validation through assessment
of the finger deflection under load. To address the rigid link interference issue in
the original four-bar parallelogram linkage and improve adaptive grasping, the
four-bar mechanism was transformed into a six-bar linkage with an integrated
compliant pad. These enhancements significantly improved the gripper’s ability
to conform to complex geometries and enabled higher grasping forces.

The fundamental innovation of this work lies in the development of three dis-
tinct multi-modal sensorization approaches for the self-adaptable fingers. The
primary sensing approach introduces a novel vision-based sensing solution for
self-adaptable soft fingers using an embedded camera, demonstrating propriocep-
tive and exteroceptive capabilities. The system achieves normal force estimation,
Z-displacement estimation, slip detection, and force application position classifi-
cation by integrating the Pi Camera V3 sensor into the structure of an additively
manufactured self-adaptable soft finger. The sensing solution combines two al-
gorithms: an optical flow-based method for reliably detecting slip events and a
convolutional neural network (CNN) for force, displacement estimation, and po-
sition classification. The slip detection algorithm uses a dual-threshold approach
that combines the median absolute deviation (MAD) and standard deviation.
The complete processing pipeline was implemented on an embedded platform
and achieved reliable performance with slip detection operating at 28.5 Hz and a
CNN update rate of 8 Hz.

The second sensing modality utilizes resistive sensors fabricated using multi-
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material fused deposition modeling (FDM) 3D printing techniques. This approach
enables the creation of fully integrated, 3D printable sensorized fingers with em-
bedded conductive TPU tracks, providing reliable contact detection and bending
feedback. The third sensorization approach presents a novel light-angle sensor
array architecture implemented through a custom four-layer rigid-flex PCB de-
sign developed in collaboration with the University College Dublin (UCD). This
approach measures the deformation of the silicone pillars using optical principles.
Individual sensor prototypes successfully demonstrate distributed tactile sensing
capabilities, thus offering comprehensive tactile feedback across the finger contact
surface, which is essential for precision grasping and handling tasks.

Customized rigs integrated with a universal testing machine (UTM) were used
for self-adaptable finger design evaluation, sensor characterization, dataset ac-
quisition, slip detection parameter optimization and pull-out testing with the
universal gripper. Moreover, validation experiments were performed with a six-
degrees-of-freedom (6-DOF) COMAU robot to mimic industrial manipulation
scenarios.

In parallel, this thesis contributes to advanced robot control strategies through
the SESTOSENSO project addressing the challenge of coordinating multiple
robots in collaborative assembly operations, specifically focusing on automotive
roof installation. The demonstration was initially planned for the Stellantis man-
ufacturing facility, but later the University of Genoa (UniGe) was declared as
the demonstration leader; thus, the complete robot cell for the demonstration
was set up at UniGe. Major contributions to the SESTOSENSO project involved
developing real-time control strategies for coordinating a KUKA KR150 R3100-2
industrial robot with a Universal Robot-UR10e collaborative robot via the robot
operating system (ROS) and KUKA robot real-time trajectory correction using
the robot sensor interface (RSI), enabling safe human–robot interaction in con-
fined spaces and visually occluded assembly environments.

Collectively, this research advances the state of the art in hybrid gripper
systems, soft adaptability, intelligent sensing, and validated industrial control
strategies. The outcomes directly support the Industry 4.0/5.0 objectives, en-
abling flexible automation systems that can adapt to diverse manufacturing re-
quirements without extensive reconfiguration.

1.2 Background and Motivation
Robotic grippers are considered the fundamental component in various industrial
setups when grasping and object manipulation have to be performed Birglen &
Schlicht (2018); Li et al. (2021). Manufacturing industries such as the automotive
sector, packaging, pharmaceutical, electronics, agriculture, food, warehousing,
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and logistics industries use grippers for manipulation and handling of strong
parts and delicate items, pick and place of products, loading and unloading trucks,
inventory management and to perform various precision gripping tasks Hernandez
et al. (2023); Wang et al. (2021). The advancement in industrial gripping solutions
is directly influenced by the progress in the field of robotics, as the kinematic
design and actuation mechanism of the gripper determine its ability w.r.t a certain
application Wolf & Schunk (2018).

1.2.1 Evolution of Industrial Manipulation Systems
The field of industrial automation has evolved significantly since the beginning of
mechanized production, as depicted in Figure 1.1. The third industrial revolution
brought about the development of programmable logic controllers (PLCs) and in-
dustrial robots, which facilitated adaptable automation and set the groundwork
for modern manufacturing processes. Currently, we are at the cusp of the tran-
sition from the fourth to the fifth industrial revolution. Industry 4.0, shaped by
cyber-physical systems, the Internet of Things (IoT), and data-centric production,
requires automation systems to exhibit exceptional flexibility and adaptability.
The shift from Industry 4.0 to Industry 5.0 has altered manufacturing prereq-
uisites, highlighting the importance of human-robot collaboration and flexible
automation Guerra-Zubiaga et al. (2022); Pasupuleti (2025); Xu et al. (2021).

Figure 1.1: Evolution of industrial paradigms from Industry 3.0 to Industry 5.0,
showing the progression of robotic gripper technologies and their key character-
istics

With the move from mass production to mass customization, production batch
sizes have decreased, and numerous product variations may be manufactured each
day in some facilities. This high degree of variability makes traditional customized
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tooling impractical and necessitates the need for universal manipulation solutions.
The automotive industry highlights these challenges, where a single assembly line
might accommodate multiple car models, each comprising thousands of parts that
differ in size, material, and fragility.

Progressing from Industry 4.0 to 5.0 imposes distinct demands on robotic
grasping systems, which include:

• Adaptability: Systems need to manage the growing diversity of products
without major reconfiguration

• Safety: Built-in safety protocols for seamless human-robot interaction
while maintaining efficiency

• Intelligence: Advanced sensory input for independent decision-making
and quality oversight

• Sustainability: Optimized resource use and adherence to circular economy
principles

• Resilience: Steady performance despite changes in supply chain and shift-
ing requirements

1.2.2 Emergence of Soft Robotics in Industrial Applica-
tions

Soft robotics has emerged as a research area that is concerned with making robots
compliant, thus opening up new possibilities and applications with safe interac-
tions with humans and general fragile objects and tools Abeywickrama et al.
(2023); Lee et al. (2017); Schmitt et al. (2018). In industrial environments, there
is a growing interest in soft robots for jobs that require gentle handling, the abil-
ity to adapt to irregularly shaped objects, and secure human-robot collaboration.
As soft grippers are typically fabricated from silicone elastomers or thermoplastic
materials, they can conform to object geometries, providing secure grasps with-
out precise positioning. Soft grippers have found use in sensitive operations such
as picking fruits, handling food, and assembling electronics, where conventional
grippers could cause damage AboZaid et al. (2024); El-Atab et al. (2020); Wang
et al. (2024). As a result, an increasing number of commercial solutions have been
introduced. Figure 1.3 presents some commercially available grippers: piSOFT-
GRIP, SG grippers, and Gentle-Duo, which reflect the latest advancements in
commercial soft grasping technology.
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Figure 1.2: Examples of commercial soft robotic grippers and application of soft
grippers in handling delicate objects

1.2.3 Limitations of Current Gripper Technologies
Rigid Systems:

• Application-specific designs requiring multiple end-effectors

• Inability to handle fragile objects without extensive force control

• Safety concerns in human-robot collaboration scenarios

• Limited adaptation to object geometry variations

Soft Systems:

• Payload limitations typically below 1 kg

• Positioning accuracy degradation under load
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• Absence of integrated sensing for closed-loop control

• Material durability concerns in industrial environments

• Slower actuation speeds compared to rigid systems

1.2.4 The Hybrid Gripper Paradigm
The recognition of the complementary advantages and drawbacks of rigid and
soft grippers has motivated the emergence of hybrid architectures designed to
combine the strengths of both paradigms. In such systems, rigid mechanical
structures deliver precise motion control and high force output, while soft con-
tact interfaces provide adaptability to varying object geometries and ensure safe,
compliant interactions Liu et al. (2023a).

State-of-the-art hybrid implementations include designs where rigid actuators
drive soft fingertips, mechanisms with tunable stiffness for variable compliance,
and modular configurations capable of switching between rigid and soft operating
modes D’Avella et al. (2023); Govindan & Krishna (2023); Jamil et al. (2022).
While these developments mark important progress toward versatile robotic ma-
nipulation, many existing solutions still suffer from only partial integration of
rigid and soft elements, leading to trade-offs that limit the full exploitation of
their combined benefits.

Figure 1.3: Examples of state-of-the-art hybrid grippers in research and industry:
DLR Hybrid Compliant Gripper, Hybrid Underactuated Gripper, Universal Soft
Gripper with Optimized FinRay, and Festo Adaptive Gripper with FinRay.

1.2.5 Sensing Challenges in Compliant Systems
A key obstacle to the broader adoption of soft and hybrid robotic systems lies in
the absence of robust, comprehensive sensory feedback. Traditional rigid robots
rely extensively on position encoders, force sensors, and vision systems to achieve
precise manipulation. By contrast, embedding equivalent sensing capabilities
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within soft robotic structures is particularly challenging because of their large
deformations, nonlinear material properties, and complex geometries Hegde et al.
(2023).

Traditional sensing methods are often unsuitable in this context. For example,
strain gauges and standard force sensors can compromise the intrinsic compliance
of soft materials, while external cameras are prone to occlusion and struggle to
capture the distributed, continuous contact dynamics of soft robotic interactions.
The central challenge, therefore, is to design sensing approaches that maintain
material compliance while still delivering accurate, real-time feedback for intelli-
gent control Zhou et al. (2024).

Existing approaches to soft robot sensorization include embedded conductive
materials, optical sensing, magnetic field sensing, and pneumatic pressure mon-
itoring. However, these methods face tightly coupled trade-offs between sensing
fidelity and mechanical softness. Difficulties include avoiding structural stiffen-
ing, mitigating nonlinear and noisy signals, ensuring long-term durability, achiev-
ing calibration, and enabling energy-efficient systems across varied environments
Ambaye et al. (2024); Collins et al. (2022); Low et al. (2021); Luo et al. (2024).
Until these challenges are addressed, the lack of practical, reliable sensorization
solutions continues to limit soft and hybrid grippers from attaining the level of
intelligence required for industrial deployment.

1.2.6 Motivation and Approach
This doctoral research is motivated by the need for robotic manipulation systems
that can combine precision, adaptability, and intelligent feedback in industrial
environments increasingly shaped by Industry 4.0 and 5.0 paradigms. While the
development of a universal gripper concept had already begun within our labora-
tory, the original prototype lacked comprehensive kinematic analysis, advanced
actuation control, and embedded sensing capabilities. Addressing these gaps pro-
vided both a scientific challenge and a practical opportunity to extend the gripper
toward industrially viable performance.

The starting point was a detailed study of the gripper’s mechanical perfor-
mance, undertaken through systematic kinematic analysis and the development
of actuation and motor control strategies to enable independent finger operation.
From there, the research progressed to finger redesign, focusing on enhancing
adaptability and mechanical behavior moving from a four-bar to a six-bar link-
age mechanism.

Recognizing that adaptability without sensing remains insufficient for intelli-
gent manipulation, the thesis introduces multiple sensorization strategies, most
notably a vision-based sensing solution that simultaneously achieved propriocep-
tive (Z-displacement and position estimation) and exteroceptive (force estimation,
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slip detection) sensing using a single embedded camera without compromising
the self-adaptable finger compliance. The systems additional sensing concepts,
including light-angle arrays and 3D-printed resistive sensors, were also explored
to extend feedback capabilities.

The final dimension of the research was integration into industrial contexts.
Through collaboration with partners in the EU Horizon SESTOSENSO project,
control architectures were developed and validated for coordinating robots (KUKA
KR-150 and UR-10) in real-time, human–robot collaborative assembly tasks.
This ensured that the work was continuously aligned with genuine industrial
requirements.

1.3 Research Objectives and Contributions
This research systematically advances industrial gripper technology through kine-
matic analysis, actuation and control, intelligent sensorization, and industrial
validation. The objectives and resulting contributions are organized across three
interconnected themes.

1.3.1 Kinematic Analysis, Actuation, and Control Sys-
tems

Objective: Establish a comprehensive understanding of gripper mechanics and
develop control strategies for independent finger operation, validated through
integration with a COMAU 6DOF robot.

Contributions:

• Complete kinematic characterization of the Chebyshev–parallelogram link-
age, quantifying a 6.06:1 mechanical advantage and ±0.033 mm motion
linearity.

• Development of modular actuation control using JVL stepper motors with
embedded PLCs and Modbus RTU communication.

• Implementation of sensorless grasping via torque-based and velocity-based
stall detection, enabling real-time grasp confirmation without explicit force
sensors.

• Kinematic transformation analysis from four-bar to six-bar linkage, demon-
strating 95.3% force transmission efficiency and improved adaptability through
compliant pads.
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• Validated performance enhancement, including a 273% increase in retention
force (287 N), 150% payload increase (up to 7.5 kg), and 23% expansion in
graspable diameter (270 mm).

• Experimental validation of soft finger and gripper through compression and
pull-out tests using a UTM.

1.3.2 Multi-Modal Sensorization
Objective: Enable intelligent perception in compliant fingers without compro-
mising their mechanical compliance—the critical innovation required for indus-
trial deployment.

Contributions:

• Camera-embedded sensing architecture (Primary contribution):
A novel approach to embedding a miniature camera within a compliant fin-
ger, achieving multi-modal sensing while preserving mechanical compliance,
was developed and demonstrated. This system enables the following:

– Normal force estimation with RMSE <0.54 N.
– Z-displacement tracking with RMSE <0.46 mm.
– Real-time slip detection at 28.5 Hz.
– Position classification of applied forces with 95% accuracy.

The complete sensing pipeline was implemented on an embedded Raspberry
Pi platform for real-time inference using TensorFlow Lite (TFLite).

• Slip detection innovation: A dual-threshold slip algorithm that com-
bines median absolute deviation (MAD) and standard deviation metrics
with temporal filtering was designed and validated to achieve robust per-
formance in real-time operation.

• Complementary sensing modalities:

– 3D-printable resistive sensors for contact and bending detection em-
bedded within compliant fingers.

– Light-angle sensor arrays, extending a single prototype sensor into a
distributed rigid-flex PCB implementation, enabling tactile feedback
across the finger surface.
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1.3.3 Industrial Integration and Control Development
Objective: (i) Integration of the universal gripper on a COMAU robot for ma-
nipulation tasks and (ii) development of real-time robot control architectures
within the EU Horizon SESTOSENSO project.
Contributions:

• Gripper validation: Successful integration and testing of the universal
gripper with a COMAU 6DOF robot, demonstrating the manipulation of
industrially relevant objects including automotive components.

• Industrial robot control (SESTOSENSO - HORIZON EUROPE):

– Development of real-time control strategies for a KUKA KR150 robot
using the RSI.

– Coordination of KUKA and UR10 robots for cooperative automotive
roof assembly.

– Implementation of safety protocols for human–robot collaboration.

1.4 Thesis Organization
The thesis is structured as follows:

• Chapter 1 introduces the motivation, problem statement, research objec-
tives and contributions, and the overall structure of the thesis.

• Chapter 2 provides a literature review of rigid, soft, and hybrid grippers,
sensorization strategies, and industrial robot control frameworks.

• Chapter 3 presents the kinematic analysis and actuation control strategies
for the universal gripper.

• Chapter 4 details the enhancement of self-adaptive fingers, including the
transition from four-bar to six-bar linkages with compliant elements.

• Chapter 5 introduces the camera-embedded sensing approach for multi-
modal feedback in compliant fingers.

• Chapter 6 explores additional sensorization techniques, including resistive
3D-printed sensors and light-angle tactile arrays.

• Chapter 7 documents the industrial implementation of real-time robot
control strategies within the EU Horizon SESTOSENSO project.

• Chapter 8 concludes the thesis by summarizing the contributions, dis-
cussing limitations, and outlining directions for future research.
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1.5 Research Publications
The research conducted during this doctoral study has been disseminated through
the following peer-reviewed publications:

Primary Contributions

1. Design and Development of a Novel Universal Gripper Having Rigid Me-
chanics With Self-Adaptable Fingers for Industrial Applications, IEEE Ac-
cess, 2025. DOI: 10.1109/access.2025.3587328

2. A Camera-Embedded Self-Adaptable Finger With Multi-Modal Sensing Ca-
pabilities for Robotic Manipulation, IEEE Access, 2025. DOI: 10.1109/ac-
cess.2025.3561582

3. Universal Gripper for Industrial Manipulation with Enhanced Rigid Me-
chanics and Self-Adaptable Fingers, Advanced Robotics Research (WILEY),
2025. Accepted.

4. Design and Fabrication of Resistive Sensor Using Additive Manufacturing
Techniques for Robotic Application, International Journal of Advanced Man-
ufacturing Technology, 2025. DOI: 10.1007/s00170-025-15977-y

Supporting Contributions

5. Investigating Multi-Material Additive Manufacturing for Disassembly and
Reparability of Adhesive Joints by Precision Heating, Adhesives, 2025. DOI:
10.3390/adhesives1010004

6. Thermal Curing of Adhesive Joints Enabled by Precision Heating Multi-
Material Additive Manufacturing, Journal of Manufacturing and Materials
Processing, 2025. DOI: 10.3390/jmmp9050151

Submitted Work

7. HRI Experiments with Sensorized High Payload Robots, submitted to IFAC
2026.

Beyond publications, elements of this research were presented in project meet-
ings, and demonstrations within the EU Horizon SESTOSENSO consortium.
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Chapter 2

Literature Review

2.1 Introduction
The design and deployment of robotic grippers for industrial manipulation has
evolved through multiple technological paradigms, from rigid, task-specific mech-
anisms to compliant and hybrid architectures with intelligent sensing. This chap-
ter reviews the key developments that inform the contributions of this thesis and
establishes the theoretical foundation for the contributions presented in subse-
quent chapters.

2.2 Robotic Grippers
Robotic grippers serve as the main interface between robots and their surround-
ings. Their evolution reflects broader industrial demand shaped over years of
automation. Rigid grippers, generally powered by electric motors, pneumatic
cylinders, or hydraulic systems, prevail in industrial tasks because of their sub-
stantial load capacities, precise positioning (accuracy < 0.1 mm), and robustness
Wang et al. (2021).

Grippers can be categorized by the number of fingers, the type of actuation,
the operating mechanism, and the prehension approach. Grippers may feature
2, 3, or 4 fingers, or they may be anthropomorphic with more than four fingers.
Robotic grippers are actuated through hydraulic, pneumatic, magnetic, or elec-
tric means, using mechanisms like screws, worm gears, rack and pinion, cams
and followers, or pulleys. The grasping method includes impactive, astrictive,
or ingressive techniques Monkman et al. (2007); Raval & Patel (2016). As de-
picted in Figure 2.1, commercial solutions from companies such as Festo, Schunk,
and SMC primarily employ pneumatic or electrical actuation, with mechanical
designs tailored to specific part shapes Kumar et al. (2025). This focus on special-
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ization makes rigid grippers generally unsuitable for handling parts with diverse
sizes, shapes, or surface complexities without undergoing considerable redesign
or adjustment.

Grippers are classified based on the number of fingers, type of actuation, mech-
anism, and method of prehension. The gripper can be 2-finger, 3-finger, 4-finger,
or anthropomorphic i.e., having more than four fingers. Robotic grippers can
be actuated hydraulically, pneumatically, magnetically, or electrically and have
a screw, worm gear, rack and pinion, cam and follower, or pulley-based mecha-
nism. The grasping method can be impactive, astrictive, or ingressive Monkman
et al. (2007); Raval & Patel (2016). Commercial grasping solutions from manu-
facturers like Festo, Schunk, and SMC shown in Figure 2.1 utilize pneumatic or
electric actuation, with mechanical designs optimized for specific part geometries
Kumar et al. (2025). This specialization means rigid grippers often lack the flex-
ibility to handle parts with varying shapes, sizes, or surface complexities without
significant redesign or changeover which may consume hours or even days, sig-
nificantly reducing production flexibility. Moreover, rigid grippers are unsuitable
for grasping fragile objects due to limited adaptability and flexibility and may
cause damage or deformation Al Abeach et al. (2017); Hernandez et al. (2023);
Kattan Urrutia & Carrasco Bardales (2024).

Figure 2.1: Examples of commercial rigid-grippers by Festo and Schunk

2.2.1 Soft Robotic Grippers
Soft grippers have developed from advancements in materials science and bio-
inspired design. By exploiting compliance in elastomers and smart polymers,
these systems adapt passively to object geometry and are lighter and easier to
manufacture Shintake et al. (2018b); Wang & Chortos (2022). The field of soft
robotics focuses on creating compliant robots, facilitating new opportunities and
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applications for safe interactions with humans and fragile items or instruments.
Unlike traditional rigid robots with defined degrees of freedom, soft robots possess
a continuous, flexible structure, resulting in high DOFs. Therefore, conventional
actuation methods are unsuitable for soft robots. The predominant actuation
techniques in soft robotics include fluidic systems, electro-active polymers (EAP),
and variable tendons Jumet et al. (2022); Lee et al. (2017). As a result, numer-
ous industries are interested in compliant grippers for handling delicate and easily
damaged parts or products Otti et al. (2025). Currently, industrial soft grippers
integrating under-actuation and compliance operate without any control strate-
gies; however, their pose and state can change passively due to unpredictable
external forces, complicating their position control Shintake et al. (2018b); Wang
& Chortos (2022). Soft grippers typically support payloads of less than 1 kg, have
reduced positional precision, slower actuation, and durability issues in demanding
industrial environments Hernandez et al. (2023); Muller et al. (2020); Yap et al.
(2016).

2.2.2 Hybrid Grippers
Hybrid architectures aim to merge the strength and accuracy of rigid mechanics
with the flexibility of soft interfaces. Instances of such designs involve rigid link-
ages with compliant fingertips, mechanisms with adjustable stiffness, and modular
end-effectors capable of switching between different modes. These systems have
been effective in managing objects of various sizes and enhancing safety in col-
laborative environments. Nonetheless, numerous designs depend on pneumatic
systems or add complexity to control, which hampers widespread industrial use
Li et al. (2024); Wang et al. (2023); Yoon et al. (2025).

One significant advantage of hybrid grippers is their enhanced versatility,
which enables them to grasp and manipulate a wider range of objects with varying
shapes, sizes, weights, and degrees of fragility than grippers that are entirely rigid
or soft Khin et al. (2024); Park et al. (2019); Trinh et al. (2024). For example,
a hybrid gripper that employs rigid fingers to execute traditional gripping tasks
while using inflatable soft telescopic fingers to achieve gentle interaction with ir-
regularly shaped objects that can stably grasp objects up to approximately 450
g Gerez et al. (2020). Another example shows how a hybrid gripper equipped
with passive pneumatic soft joints around rigid links can improve handling ef-
ficiency and reduce the gripping distance when grasping deformable and thin
items like paper, outperforming rigid grippers in similar scenarios Tran et al.
(2024). A key advantage of hybrid grippers is their higher payload capacity.
The incorporation of rigid supports into a soft pneumatic network (PneuNet) can
significantly enhance the fingertip force and the actuation speed, enabling it to
handle heavier objects up to 1.3 kg while retaining the compliance required to
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grasp irregular shapes Park et al. (2019). A novel gripper using hybrid actuation
for improved grasping of multi-shape objects using combined PneuNet and layer
jamming actuation is presented in Tennakoon et al. (2024). Moreover, Sun et al.
(2023) attains higher load capacity over 2 kg and versatile grasping by integrating
a vacuum-assisted bio-inspired adhesive surface with a bidirectionally bendable
pneumatic actuator. The controlled motion of rigid links and the flexible prop-
erties of soft fingers in hybrid grippers provide potential for dexterous grasping
tasks. Hybrid grippers can perform complex in-hand manipulation tasks that are
difficult for solely rigid or soft grippers. For example, a hybrid gripper inspired
by the human hand that incorporates pneumatic bellows as soft actuators within
a rigid structure has demonstrated lateral compliance and the ability to perform
anthropomorphic dexterous manipulations Zhu et al. (2023).

Zhang et al. Zhang et al. (2020) provided a comprehensive review of hybrid
grippers in the field of agricultural robotics. These grippers combine various actu-
ation techniques and materials—such as the integration of pneumatic and suction
systems or the use of both rigid and flexible components—to enhance the handling
of delicate objects. In their RG series, OnRobot incorporated compliant pads on
the grippers’ fingertips, enabling them to handle objects with diverse shapes On-
Robot A/S (2025). Designs featuring a mix of rigid and soft materials have
emerged to offer both compliance and skillful manipulation Chang et al. (2019);
Romanov et al. (2022); Zhu et al. (2023). To replicate the dexterity of human
fingers, hybrid grippers equipped with optimized variable stiffness mechanisms
have been developed Dinakaran et al. (2023); Li et al. (2018). Jamming-based
robotic grippers, designed to manipulate various small items like bottle caps,
screwdrivers, and coils, have also been introduced Wang et al. (2021). These
grippers are capable of adapting to unfamiliar objects of different orientations,
surfaces, and shapes by conforming to the object and employing suction for grip-
ping Brown et al. (2010). Nevertheless, most adaptive gripping research and
development has primarily targeted soft objects, focusing on solutions such as
pick-and-place for the food and agriculture sectors or managing small logistics
and industrial tools Demirsoy et al. (2024b).

2.3 Fin Ray Principle-Inspired Grippers
In the realm of bioinspired soft grasping techniques, the Fin Ray principle stands
out for its aptitude in facilitating adaptive hybrid grasping in industrial settings.
This is primarily due to its intrinsic ability to adapt passively, having compliance
that varies with load, and ease of fabrication Crooks et al. (2016). The principle
draws from the biomechanical function of a fish’s tailfin; under pressure, the fin
curves inward and its tip moves in opposition to the load Shan & Birglen (2020)
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as illustrated in Figure 2.2.

Figure 2.2: (a) Biological inspiration: the fin-ray structure of a fish, illustrating
various internal filling patterns and (b) The Fin Ray® effect: when a force is ap-
plied to the structure, both the base and tip bend toward the load, demonstrating
adaptive deformation similar to a fish fin.

Researchers have explored various ways to enhance Fin Ray-inspired fingers
by adjusting the quantity, orientation, thickness, and shape of the internal cross-
beams to meet particular grasping objectives Yao et al. (2023a, 2024a). FESTO
Group pioneered the creation of adaptive fingers modeled after the Fin Ray de-
sign, featuring a triangular construction with crossing beams inside to redistribute
forces and produce deformation Bannasch & LK (2012); Festo (2025). This ef-
ficient and modifiable system has spurred further research into hybrid grippers
Muller et al. (2020). Hyeon Shin et al. Shin et al. (2021) devised a gripper with
refined finger architecture based on the Fin Ray concept, significantly enhancing
the gripper’s weight capacity (up to 1.2 kg) and allowing it to switch between
parallel and centric grasping styles. Additionally, the gripper is electric-powered
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and can manipulate diverse objects, showcasing its flexibility in manufacturing
contexts. Crooks et al. Crooks et al. (2017) introduced a bio-inspired gripper
that employs the gripping mechanism observed in the Manduca sexta and inte-
grates the adaptable form of Fin Ray fingers. Utilizing 3D printing technology,
they created a single-piece design comprising both soft and rigid elements, able to
handle various everyday items up to 530 g. Birglen Birglen (2015) illustrated en-
hanced versatility and safety with adaptive robotic fingers that can be paired with
conventional industrial grippers. By conducting kinetostatic analysis and experi-
mental validation, this work emphasized how integrating such adaptive solutions
into existing industrial systems could mitigate hesitancy in their adoption. Ali et
al. Ali et al. (2019) developed a three-fingered hybrid Fin Ray gripper actuated
by a single stepper motor for efficient pick-and-place tasks, specifically evaluat-
ing the effectiveness of NinjaFlex 3D printing filaments for fabricating compliant
fingers.

Current studies on Fin Ray structures aim to enhance their mechanical ef-
ficiency, incorporate sophisticated sensing technologies, and broaden their use
across industries such as manufacturing and agriculture. Nonetheless, there are
still there are several challenges to overcome: increasing grip strength, avoiding
out-of-plane deformations, implementing effective sensor technologies that main-
tain finger flexibility, and refining control precision for complex object shapes.
The passive adaptability, structural simplicity, and scalability of the Fin Ray
principle make it an excellent choice for industrial hybrid grippers, thus motivat-
ing its selection for this study.

2.4 Sensorization in Soft Robotic Grippers
The transition from rigid to soft robotics marks a notable advancement in robotic
grasping and manipulation, where precision and adaptability are essential Shin-
take et al. (2018a). Soft grippers, which harness the advantages of flexibility,
have garnered significant interest Yao et al. (2023b). These devices automati-
cally conform to the shape of the objects they handle, offering an effective mix of
gentle yet secure grasping. The inherent adaptability of soft grippers facilitates
the manipulation of objects with varied shapes, sizes, and material properties,
minimizing harm to delicate items while ensuring firm control over heavier and
more solid objects.

The capability to detect interaction forces and slip, similar to human manip-
ulation, is critical Welle et al. (2023). Sensory integration in these compliant
systems poses unique challenges due to the substantial deformations, nonlinear
material behavior, and necessity of preserving flexibility. Hence, soft robots lever-
age their flexible materials to interact with objects effectively in an open loop
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system absent of sensory feedback Truby et al. (2019).
A key obstacle lies in developing integrated proprioceptive and exterocep-

tive sensors for soft grippers, essential for recognizing the gripper’s configuration
and its interactions with objects. Realizing such sensory integration in flexible
robotic systems demands creative solutions that preserve the gripper’s inherent
compliance Truby et al. (2018); Yang et al. (2024).

2.4.1 Conventional Sensing Methods
Rigid robots typically employ force–torque sensors, encoders, and external cam-
eras. However, traditional rigid sensors cannot be used for soft robots due to the
flexible nature of the materials, which can affect the robot’s compliance, thereby
limiting their performance Donato et al. (2024); Yang et al. (2024, 2022). In
addition, soft robots exhibit highly nonlinear properties with infinite degrees of
freedom and complex deformations that are imperceptible with traditional sensor
placement approaches Kim et al. (2021).

2.4.2 Embedded Soft Sensors
• Resistive and capacitive sensors: In soft robotics sensing technologies,

advancements have been made to develop stretchable sensors capable of
sensing the complex deformations and interactions of flexible robotic struc-
tures Pagoli et al. (2022). These sensing modalities are important for soft
robots to interact with their environment and perform complex operations
intelligently. Resistive sensors measure changes in electrical resistance upon
deformation of the conductive material, allowing the sensing of various pa-
rameters, such as strain, force, and curvature Li et al. (2017). Resistive sen-
sors can be integrated into the soft robot body or the actuation mechanism
to detect bending or pressure conditions. In Zhao et al. (2023) a flexible re-
sistive sensor network is developed with multiple independent strain sensors
whose correlated values are used to capture complex deformation patterns
in soft structures. Capacitive sensors provide tactile feedback by measuring
the capacitive changes that occur as soft material deforms. Capacitive sen-
sors have high sensitivity and repeatability and enable force, strain, shear,
and bending measurements Li et al. (2017). They are also more accurate
and durable compared to resistive sensorsPagoli et al. (2022), The devel-
opment of a highly stretchable capacitive strain sensor for soft systems is
given in White et al. (2017).

• Magnetic sensors: Magnetic sensors with magnetic components can mea-
sure changes in magnetic fields due to the orientation and position of mag-
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nets embedded in soft robots and provide information about robot move-
ment and deformation. However, the use of these sensors in soft robots is
limited due to the rigid magnetic and sensing elements Hao et al. (2022).

• Optical methods: Another interesting class of sensors that has seen in-
creasing usage in soft robotics is optoelectronic-based sensors. Optoelec-
tronic sensors show high sensitivity and fast response rate, accommodate
noncontact sensing, have low power consumption, exhibit lower hysteresis,
are immune to electromagnetic interference, and are resistant to chemical
corrosion. In addition, by utilizing flexible and stretchable optical fibers in-
side soft robots, sensors can be easily integrated within soft robots. These
sensors typically consist of an emitter, receiver, and waveguide. These sen-
sors can measure displacement fields and strain within a robot’s soft struc-
ture by detecting changes in the optical signal Hao et al. (2022); Pagoli
et al. (2022).
Light-angle optical sensors infer 3D force and displacement by analyzing
the direction and intensity of light reflected within a deformable structure,
such as a silicone pillar. These systems use embedded reflectors and quad-
rant photodiodes to detect subtle deformations, enabling compact, high-
resolution tactile sensing without cameras. These sensors offer robust per-
formance for soft robotic manipulation, including slip detection and vibra-
tion sensing Leslie et al. (2023b).

Integrating these compliant sensors into soft grippers, manipulators, actua-
tors, and other robotic technologies such as wearable devices and medical robots
has been a key area of research. By integrating soft sensors, these technolo-
gies enable better environmental interaction, understanding of their state, and
improved performance Kim et al. (2021); Sirithunge et al. (2024). However, sig-
nificant limitations and challenges must be overcome, such as their performance
in different environmental conditions, hysteresis, limited spatial resolution, com-
plex calibration, inability to differentiate between different types of forces, and
reduced accuracy in delivering real-time feedback, especially during significant
deformations Bhirangi et al. (2021); Loo et al. (2022); Yoshimoto et al. (2024).
In addition, the mechanical properties of the soft robot can be influenced by em-
bedding soft sensors in its flexible structure Lalegani Dezaki et al. (2023); Qu
et al. (2024).

2.4.3 Vision-Based Sensorization
Embedding cameras inside compliant fingers represents an emerging approach,
these sensors use a camera to provide high-resolution image data by capturing
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visual information about the contact surface. Unlike traditional soft sensors,
vision-based systems use image processing and machine learning techniques to
detect detailed geometric changes, object slippage, and forces without mechani-
cal contact Pang et al. (2021); Welle et al. (2023); Zhang et al. (2023). Various
vision-based sensing systems have been developed for improved grasping by pro-
viding high-spatial-resolution measurements of geometry, force, and slip. These
advanced sensors utilize a deformable contact medium, illumination unit, and
integrated camera to detect the deformation of the contact medium Taylor et al.
(2022); Zhang et al. (2023). The most prominent of these vision-based sensors are
GelSight Dong et al. (2017); Yuan et al. (2017), TacTip Lepora (2021), FingerVi-
sion Yamaguchi & Atkeson (2016) and DIGIT Lambeta et al. (2020). However,
most of these camera-based sensing solutions are typically bulkier than tradi-
tional sensors such as capacitive and resistive soft sensors, making their seamless
integration into soft robot structures more difficult. Therefore, there are lim-
ited implementations of soft robot tactile sensing using vision sensors. She et al.
(2020) presents an exoskeleton-covered soft finger with embedded cameras capable
of tactile perception and proprioception by using GelSight technology. GelSight
Fin Ray integrates the GelSight sensor into a customized Soft-inspired finger
that passively adapts to any object being grasped, performs tactile reconstruc-
tion, estimates object orientation, and measures shear and torsional forces Liu
et al. (2023b). However, GelSight adds a silicon pad over the already deformable
finger; therefore, the sensing system must distinguish between the deformation
of the sensing silicon pad and a change in the state of Soft’s compliant material
Liu & Adelson (2022). A neuromorphic event camera-based sensorization of a
Soft-inspired finger has been presented in Faris et al. (2023). The event camera
was placed outside the finger to observe the side profile of the finger. The mo-
tion data of internal markers is used with a CNN to predict the two-dimensional
deformation of three markers placed on the finger and slippage events, providing
a unified solution for proprioception and exteroception.

Table 2.1 presents the state-of-the-art in vision sensing technologies explored
in research. It outlines the types of cameras employed and the associated method-
ologies, highlighting their primary applications and implementation approach in
recent studies.
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Table 2.1: Comparison of vision sensor technologies and their key characteristics

Sensor Camera
Model Approach Measurable

Parameters
Sensing

Methodology Platform

GelSight High-res
camera

Deformable
elastomer

(gel-coated
surface) as
medium of

contact

Surface texture,
shape, material

hardness, contact
area, pressure

distribution, force
magnitude and

direction

Open CV marker
detection, Optical

flow, Gel deformation
analysis

PC

TacTip
(Family)

ELP camera
module

Biomimetic,
flexible

membrane with
embedded
markers

Contact location,
force direction,

torque, object shape

Open CV, Forces
(contact, shear)

inferred from the
degree of pin
displacement

PC/Raspberry
Pi

DIGIT (built
on GelSight
technology)

Omnivision
OVM7692

60fps

Soft Transparent
elastomeric gel

surface embedded
with markers and
array of LEDs for

illumination

Force Magnitude
and Direction

(normal + shear),
contact location,
surface texture

Marker displacement
using computer

vision, and sensor
calibration for

mapping
displacements to
normal and shear
force components

PC

DIGITAC
(with tactip
surface and

DIGIT sensor
base)

Similar to
DIGIT Enhanced DIGIT

Forces and
displacements,

tested using Edge
following

Marker displacement
detection, image

processing
PC

Optical
Tactile

Sensor (by
ETH Zurich)

ELP
USBFHD06H

Deformation of a
soft material

with markers at
different depths
within the gel

Normal Force
distribution,

displacements

OpenCV Centroid
detection, Sparse &
Dense Optical Flow,
Marker displacement
& DNN for normal

force.

PC

Tactile
Reactive
Grasper

Raspberry Pi
Camera

Roller mechanism
equipped with

GelSight sensors

Force distribution,
3D Reconstruction,
marker detection.

GelSight technology
with roller sensing

area.

Raspberry Pi
as interface
b/w PC &

Viko

VIKO Raspberry Pi
Camera

Tracking of
Dense random
pixel markers

Contact area, Shear
force and marker

displacement

Dense inverse search
(DIS) optical flow

algorithm

Raspberry Pi
as interface
b/w PC &

Viko

22



2.5 Human–Robot Collaboration and Control Architectures in
Industrial Robotics

2.5 Human–Robot Collaboration and Control
Architectures in Industrial Robotics

Over the last six decades, industrial robots have reshaped manufacturing by low-
ering expenses, boosting efficiency, and removing people from the most strenuous
and dangerous jobs. The earliest robots, like Unimate; the inaugural industrial
robot engineered by Unimation Inc. in the 1950s Nof (1999) were used primar-
ily for heavy lifting and routine operations; they operated in isolated areas with
minimal sensing capabilities and simple programming. This segregation shielded
human workers from hazardous environments while allowing the robots to perform
repetitive tasks swiftly. Moving into the 1980s, significant progress in electronics,
mechanics, and computer sciences greatly enhanced robot functionalities: robots
gained increased positional precision, sophisticated drive systems, and could un-
dertake precision tasks. The incorporation of sensors, such as force/torque and
vision systems, enabled robots to sense their environment, check process status,
and execute more advanced, semi-autonomous operations Gasparetto & Scalera
(2019). Despite these advancements, robots often remained confined within safety
cages due to the excessive risk they posed in shared human environments. Since
the 2000s, innovations like machine learning and advanced sensing have propelled
a shift towards more adaptable manufacturing. Contemporary industrial robots
gather extensive sensor data and are increasingly employing learning and adap-
tation to optimize task execution Lange et al. (2021).

This evolution has allowed robots to break free from isolated cells and engage
in collaborative efforts with human operators: cobots and hybrid workspaces en-
hance ergonomics, increase versatility, and facilitate more intricate assembly tasks
Matthias & Smarra (2022). Simultaneously, robotic applications are spreading
beyond traditional factory floors: autonomous robots are now found in ware-
houses for logistics, in healthcare settings as surgical assistants, as well as social
and service robots active in public venues, and intelligent domestic robots within
private residences Siciliano & Khatib (2016).

Despite these advances, several challenges remain unresolved. Coordinating
industrial robots and cobots in shared workcells requires deterministic commu-
nication, robust synchronization, and safe motion adaptation under uncertainty.
These challenges form the motivation behind large-scale initiatives such as the
Horizon Europe SESTOSENSO project, which aims to develop perception and
control technologies that allow robots to operate collaboratively in realistic in-
dustrial scenarios with humans in the loop.
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Figure 2.3: Evolution of industrial robots: from early heavy-duty manipulators
confined within safety cells to modern collaborative robots. (a) Early industrial
robot: Unimate; (b) caged production cell with KUKA industrial robot; (c)
modern collaborative robot (cobot) working alongside a human operator.

2.5.1 Sensing and Control Trends for Collaborative As-
sembly

Operating safely and effectively in dynamic, partially sensed environments re-
quires both advanced sensors and control strategies that exploit sensor feedback
in real time. Two interrelated developments are particularly relevant:

• Sensor-rich robotic platforms. Modern systems integrate vision, force/-
torque sensing, and embedded proprioceptive measurements to perceive
both the workpiece and human activity. These sensors enable perception of
uncertainties (part tolerances, human interventions, occlusions) that would
otherwise break strictly position-based programs.

• Real-time and adaptive control. Controllers that can modify tra-
jectories and actions online using tight feedback loops and deterministic
communication links are essential for maintaining performance and safety
when the environment or task changes. Real-time correction interfaces (e.g.,
vendor-specific APIs such as KUKA RSI KUKA GmbH (2025), ABB EGM
ABB Robotics (2024)) and field-level communication protocols (EtherCAT,
PROFINET) are part of this trend.

Together, sensing and real-time control make it possible to orchestrate com-
plex collaborative assembly tasks in which industrial robots provide precision and
payload capacity while cobots and humans handle flexible positioning and final
assembly steps.
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2.6 Research Gaps and Opportunities
Despite the rapid evolution of robotic grippers and collaborative robotic systems,
several critical gaps remain between laboratory concepts and robust industrial
deployment. These challenges are the focus of the investigations in this thesis.

Mechanical Design Gaps
Hybrid grippers that integrate rigid linkages with compliant finger structures
have demonstrated potential, yet most existing designs are limited by ad hoc de-
velopment. There is a lack of systematic kinematic analysis methods to evaluate
parameters such as motion linearity, force transmission efficiency, and mechanical
advantage across their entire operating range. Moreover, enhancement strategies
are typically pursued in an empirical manner without analytical validation, point-
ing to a need for more robust design optimization.

Sensorization Challenges
Intelligent manipulation requires comprehensive feedback, but compliant finger
structures complicate sensing integration. Traditional rigid sensors compromise
compliance, while embedded technologies such as resistive, capacitive, and optical
sensors suffer from hysteresis, drift, or mechanical interference. Vision-based
sensing systems offer great promise, but many current solutions rely on external
cameras prone to occlusion or require added elastomer layers that alter mechanical
response. The opportunity exists to establish embedded, compact, and multi-
modal sensing systems that that retain the adaptability of compliant fingers while
delivering accurate force, deformation, and slip data.

Control Architecture Limitations
Industrial adoption requires controllers that not only actuate grippers but also
interface seamlessly with manufacturing infrastructure. Present research proto-
types depend on lab-specific control hardware, lacking compatibility with stan-
dard industrial communication protocols such as Modbus RTU, EtherCAT, or
PROFINET. In addition, robust sensorless control strategies utilizing motor-
internal feedback for object detection as a sensorless control strategy remains
largely unexplored and could serve as a lightweight alternative to dedicated force
sensors.
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System Integration and Validation Gaps
Many hybrid gripper prototypes remain remain untested under real-world indus-
trial conditions. There is limited evidence of their ability to manipulate diverse
objects from fragile items to heavy automotive components, while consistently
delivering repeatable and reliable performance. Additionally, while collaborative
assembly is gaining traction, coordinated control of heterogeneous robots (indus-
trial arms and cobots) in safety-critical, human-in-the-loop scenarios is still a
largely unexplored research area, particularly under constraints of visual occlu-
sion, confined geometries, and industrial cycle-time requirements.

Research Opportunities
Addressing these gaps presents several research opportunities:

• Development of systematic kinematic frameworks for hybrid gripper anal-
ysis and enhancement.

• Integration of compact, embedded vision-based sensing to enable
multi-modal feedback without compromising compliance.

• Exploration of additional sensing modalities (resistive, light-angle) to im-
prove perception capabilities.

• Design of modular control architectures compatible with industrial commu-
nication standards and supporting sensorless grasp.

• Real-world validation of hybrid grippers on industrial robots such as CO-
MAU platforms to assess adaptability and robustness.

• Development of coordinated control strategies for heterogeneous robots
(KUKA and UR10) in collaborative automotive assembly, including real-
time safety controls and trajectory correction for KUKA industrial robots
using RSI.

These opportunities define the focus of this thesis: advancing hybrid gripper
performance through in-depth analysis, novel sensorization strategies, and prag-
matic industrial control implementations, while extending contributions to the
broader domain of human-robot collaborative assembly.
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Chapter 3

Kinematic Analysis and Control
of the Universal Gripper

3.1 Introduction
Robotic grippers serve as the crucial link between manipulators and their respec-
tive operating environments. This chapter delivers a comprehensive kinematic
analysis along with the development of a control system for a universal gripper
featuring rigid mechanics and self-adaptable fingers. Although the mechanical
design originated from previous work in our laboratory, the detailed kinematic
characterization, actuation control strategies, and systematic experimental vali-
dation discussed here are vital contributions toward industrial deployment. This
chapter establishes both the mechanical and control framework while also high-
lighting constraints that led to later improvements.

The primary objectives encompass analyzing a compound Chebyshev paral-
lelogram linkage mechanism that transforms linear actuation from an integrated
stepper motor into a curvilinear translation gripper motion with minimal parasitic
forces; developing a control architecture supporting multiple finger and indepen-
dent actuation, and an option to rapidly interchange the self-adaptable fingers as
per application requirements; characterizing the mechanical properties of TPU
98A for soft finger design; experimentally evaluating gripper performance across
various object geometries; and demonstrating practical implementation with in-
dustrial robotic systems. In comparison with pneumatic actuation, this solution
eliminates the compressor infrastructure, achieving a high mechanical advantage
without sealing degradation or contamination sensitivity in pneumatic systems.
Compared with cable-driven systems, the compound rigid linkage provides a more
predictable force transmission without the cable stretch, friction losses, and main-
tenance issues associated with cable-driven designs. The mechanical advantage
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remains constant throughout the range of motion, unlike in tendon-driven sys-
tems. By integrating precision kinematics with self-adaptable fingers, we achieve
positioning accuracy that is not possible with pure soft designs while maintaining
adaptive grasping capability.

3.2 Design Requirements and Specifications
The original gripper was conceived as a universal end-effector for industrial appli-
cations requiring both rigid grasping and compliance. The requirements guiding
its evaluation included:

• Payload capacity: Capable of handling objects up to 5 kg.

• Adaptability: Accommodate a wide range of geometries, from cylindrical
parts to irregular components.

• Industrial integration: Compatibility with communication protocols (Mod-
bus RTU) for seamless integration with industrial robots.

• Compliance: Provide adaptive grasping without complex control, through
bio-inspired Fin Ray fingers.

• Compactness: Overall weight less than 3 kg for robot arm compatibility.

3.3 Gripper Design and Architecture
The gripper has been developed to handle components representative of a large
variety of shapes, densities, and dimensions encompassing various parts used in
the industrial assembly, intralogistics, and powertrain automation. The target of
the gripper design is a secure and stable grasp of these complex parts by self-
encompassing around the part being manipulated. Consequently, a compliant
fingertip-based approach has been utilized with specific finger kinematics devel-
oped to ensure reachability towards a component while having a curved trajectory.
Stepper motors having lead screws mounted with nuts were used for the actuation
of each finger of the gripper enabling precise and repeatable linear motion.

3.3.1 Gripper Design and Material
Since the objective was the development of a gripper for industrial assembly, pow-
ertrain automation, intralogistics, and other similar industrial sectors with effec-
tive grasping in various applications, it was established that the design should
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Figure 3.1: The gripper designed for industrial assembly, powertrain automation,
intralogistics, and other similar industrial applications

possess a robust mechanical structure with the passive adaptive characteristics
of a soft robotic gripper, making the gripper capable of handling fragile, rigid,
and complexly shaped objects, thus adding versatility to the implemented design.
The current state-of-the-art gripping methodologies using rigid mechanical struc-
tures as well as soft robotic gripping approaches were investigated, as reported in
the previous sections. Multiple prototypes of the individual components and sub-
systems were synthesized starting from the state of the art and analyzed before
addressing all the design input driven by the applications. A three-finger design
was chosen to achieve greater universality. The three fingers are positioned 120
degrees apart from one another as a standard configuration. However, each finger
can easily be set at different positions manually, enhancing the grasping range
capabilities of the gripper.

The finalized grasping solution, as shown in Fig. 3.1, comprises three identical
fingers individually actuated using smart integrated stepper motors, allowing for
independent control of each finger. The robot flange is the mounting interface for
connecting to the robot arm.

Each finger consists of a motor for actuation, a lead screw transmission with
a screw-nut mechanism for interfacing the motor with the aluminum finger link-
ages, and a self-adaptable fingertip mounted on the coupler of the parallelogram
four-bar linkage. The gripper frame and the linkages were designed according to
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the industrial partner’s (Stellantis-CRF) input for the machining process. The
selected material for these components is a 7075 aluminum alloy due to its me-
chanical properties and corrosion resistance. The gripper aluminum frame is the
main structure holding the three-finger structure, having a compact yet sturdy
build, ensuring stability. The soft fingers were developed expressly to be addi-
tively manufactured (AM-ed) to use the shape complexity without added cost,
which is one of the most relevant advantages of the AM process. The Fused
Deposition Modeling (FDM) process was used to realize the soft fingers as the
most cost-effective with regard to the design specifications. The material used for
the soft components, Flexfill TPU 98A Fillamentum (2019) by Filamentum, is a
thermoplastic rubber. The 3D printer used was the Prusa i3 MK3S by PRUSA
Prusa Research (2023).

3.3.1.1 Self-Adaptable Finger

Although soft, passive Fin Ray fingers have gained much attention from the in-
dustrial sector and researchers, a standardized framework for the optimal design
of such fingers for particular applications is still an open topic Deng & Li (2021).
Thus, considering the application requirements, a general design methodology is
followed to attain a suitable finger structure. First, gripping task requirements
and parameters such as load capacity, object shapes and sizes, and adaptability
level are defined. Then, a suitable material that exhibits the desired charac-
teristics of compliance and robustness is selected. Subsequently, a conceptual
structure is designed, and tests are carried out for validation either by simulation
analysis or prototype testing. Finally, the performance of the finger is evaluated,
and the design is refined iteratively until the requirements are met Deng & Li
(2021); Elgeneidy et al. (2020); Lee et al. (2019). However, as the reason for
opting for soft gripping is to have the ability to handle various objects, even after
following this methodology, passive fingers may not perform as required in some
real-world scenarios.

Our design of the self-adaptable fingers is inspired by pioneering research in
the field of adaptive grasping and soft robotics. The Fin Ray principle was used as
the design paradigm because of its inherent adaptability to object contours. The
Fin Ray structure is characterized by a triangular structure with internal beams
that enable passive adaptation to contact surfaces while preserving structural sta-
bility. The Fin Ray effect provides an ideal foundation for industrial applications
that require both conformability and accuracy; various finger structural concepts
based on this principle have been presented in Bannasch & LK (2012). The study
by Jiaqiang Yao et al. (2024b) addresses a gap in understanding how the struc-
tural design of the internal beams of soft robotic Fin Ray fingers affects grasping
performance in terms of enhanced adaptability and improved energy efficiency.
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This inspired us to investigate the use of various crossbeam structures. Shin et
al.’s insightful work on optimized Fin Ray fingers Shin et al. (2021) demonstrated
enhancement in the finger structure by altering the number of internal beams and
utilizing various slope configurations of these beams. Additional inspiration was
drawn from research on underactuated adaptive robotic fingers with a focus on
enhanced versatility in grasping various objects Birglen (2015); Shan & Birglen
(2020).

While the existing research established foundational principles, our designs re-
quired custom finger structures that were compatible with gripper mechanics and
application requirements. The self-adaptable finger development process involved
iterative prototyping and testing of multiple designs to explore variations in the
overall finger geometry, internal structure, and contact surface texture. Given
the absence of standardized Fin Ray design methodologies, we adopted an exper-
imental approach ,and compression tests were performed on each prototype to
evaluate the basic force-displacement characteristics. Our optimization focused
on achieving variable compliance along the finger length using geometry alone
rather than complex multi-material approaches and ensuring single-step produc-
tion using standard FDM printing without support structures or assembly, unlike
many existing designs requiring multi-part construction. Through this iterative
process, three designs with promising performance characteristics were selected
for comprehensive evaluation.

Fig. 3.2 shows the three finger designs, each with an identical length of 104
mm and contact surface length of 76 mm. All designs have the same object
contact surface width profile, tapering from 35 mm at the mounting base to 12
mm at the tip end. Finger 1 and 2 have similar profile heights, measuring 28
mm, while Finger 3 has an increased height of 46 mm at the mounting base. All
three finger designs exhibit a decreasing height toward the tip and incorporate
the standardized mounting holes for modular attachment to the gripper’s rigid
mechanism. Finger 1, as shown in Fig. 3.2 image (a), has a triangular contour
with a network of elastic bridges within the contour to attain the desired stiffness
and deformation, allowing the finger to adapt to object contours while maintain-
ing structural integrity during force application. The tapered profile gradually
reduces in width toward the tip, creating a stiffness gradient that enables firm
grasping at the base while enabling delicate gripping at the tip. The intercon-
nected bridge network distributes loads throughout the structure, unlike discrete
beam designs that create stress concentrations. Finger 2, shown in Fig. 3.2 im-
age (b), has a similar overall shape to Finger 1 but has horizontal crossbeams
distributed along the finger length. The horizontal beams function as flexural
hinges during interaction with objects. Finger 3, shown in Fig. 3.2 image (c), has
a larger geometry with greater flexibility in regions aligned with elastic bridges,
thereby enabling complex adaptive behavior. All designs share a common base
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size and mounting interface to ensure interchangeability with the modular gripper
platform and test equipment.

Figure 3.2: Adaptable finger designs: (a) Finger 1, (b) Finger 2, (c) Finger 3

To assess the performance characteristics of each finger design, compression
tests were performed at three positions along each finger: the tip, one-third
(1/3) length, and two-thirds (2/3) length. The tests were repeated five times
for each finger at each compression position with a constant displacement rate
of 10 mm/min, with a 5 N preload to ensure proper finger contact and a 50 N
maximum force limit to prevent finger damage and retain structural integrity.
This testing approach enabled a thorough characterization of force-displacement
behavior throughout the finger structure, providing insights into how each design
would perform when grasping objects. Compression tests were performed using
the UTM, The setup consists of a base plate attached to the UTM, which acts
as the platform for the testing setup. A vertical stand attached to two linear
guides on its sides is mounted on the interface plate, and the finger to be tested
is mounted on a finger interface block that is attached to a slider on the linear
guide. A counterweight is attached to the slider on the linear guide opposite to
the finger, and a pulley system is used for uniform distribution of the weight,
which counters the load effect due to the finger interface block. The finger in-
terface securely holds the finger during the application of forces regulated by the
UTM. This setup is shown in Fig. 3.3. The stop block is positioned at the de-
sired test point under the finger and acts as the object pressing into the finger
surface at that particular test point, the thick black arrow indicates the UTM
probe applying downward force.

The compression tests at the tip position Fig. 3.4a revealed varying mechanical
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Figure 3.3: Experimental setup for finger compression tests identifying the three
test positions

responses of the three soft finger designs Fig. 3.4b. Finger 1 reached a maximum
of 41 N with a displacement of approximately 43 mm before total slippage oc-
curred, demonstrating high force capacity. Finger 2 demonstrated the lowest force
capacity with a more gradual increase in force and reached a maximum force of
25 N at a displacement of 35 mm before slippage. Finger 3 exhibited a compara-
tively more linear response initially, with a plateau at around 30 N followed by a
gradual increase in force to 40 N at nearly 75 mm displacement before slippage.
These responses indicate that Finger 1 provides superior force capacity at the
tip for precision grasping, while Finger 3 offers extended displacement capability,
which may be advantageous for conforming to complex geometries.

Across the five times the compression tests were repeated all designs showed
consistent behavior. All finger designs showed acceptable repeatability with co-
efficient of variation (CoV). Peak force repeatability at tip position (n=5 trials
each) for Finger 1: 41±4.2 N (CoV=10.3%), Finger 2: 25±3.2 N (CoV=12.8%),
Finger 3: 40±5.7 N (CoV=14.2%).

The compression tests at the two-third position Fig. 3.5a exhibited a relatively
more balanced load capacity and compliance Fig. 3.5b. The three fingers showed
similar initial responses up to a displacement of approximately 9 mm and a force
of 13 N. Beyond this point, the response of the finger designs significantly differed.
Finger 1 exhibited the most rapid force increase, reaching 50 N at a displacement
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(a)

(b)

Figure 3.4: Compression test - TIP position (a) Experimental setup and (b)
Compression test representative curve

of 24 mm. Finger 2 shows a drop in force after reaching 22 N, indicating compres-
sion of the internal structure as the Fin Ray effect occurs. Subsequently, a steep
increase in the force is observed, reaching 50 N at 27 mm of displacement. The
response curve of Finger 3 shows greater compliance with a more gradual force
build-up, reaching 50 N at a displacement of 34 mm. At the two-thirds position,
all fingers consistently reached the 50 N force across the trials, demonstrating
good test repeatability. These results show that the two-third position allows for
an optimal combination of force capacity and displacement range, making it the
preferred contact region for grasping an object.

The compression tests at the one-third position Fig. 3.6a revealed higher stiff-
ness characteristics for all fingers Fig. 3.6b. At the one-third position near the
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(a)

(b)

Figure 3.5: Compression test - Two Third position (a) Experimental setup and
(b) Compression test representative curve

base, all fingers reached the 50 N limit at lower displacement values due to the
higher structural stiffness in this region, with consistent behavior across all trials.

Finger 1 exhibits greater compliance with lower force and shows a slight de-
cline in curve around 8 mm of displacement, followed by a rapid increase in force
reaching 50 N near 16 mm of displacement. Finger 2 demonstrates a complex
deformation response and exhibited the steepest force increase initially; however,
as the displacement reaches 6.5 mm, there is a sudden drop in force from 25 N
to 14 N, followed by another small peak of force indicating the compression of
the internal beams. Afterward, a steep increase in the force was observed until
47 N, followed by another drop in the force as the finger tried to conform fur-
ther, and the internal structure was compressed before reaching 50 N. Finger 3
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(a)

(b)

Figure 3.6: Compression test - One Third position (a) Experimental setup and
(b) Compression test representative curve

demonstrated the most gradual force progression up to 20 N, followed by a more
rapid increase in force, reaching 50 N at a displacement of 20.5 mm. The force
profiles at this location underscore the significance of examining the force distri-
bution along the finger length for stable grasping. The swift increase in force in
all designs at this position indicates higher structural rigidity closer to the finger
base.

The compression testing at multiple positions (tip, one-third, and two-thirds)
revealed nuanced performance differences among the three finger designs, pro-
viding a basis for particular design selection in specific applications. All designs
showed consistent behavior across trials. Finger 1 consistently demonstrated su-
perior force capability across all test positions, with the most consistent and
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predictable force-displacement characteristics. This consistency was manifested
as smoother force curves with fewer plateaus or sudden transitions, indicating
more reliable grasping behavior. While Finger 3 demonstrated the advantage of
extended displacement ranges, which is potentially beneficial for grasping irreg-
ular or larger objects, these benefits came at the cost of less predictable force
progression and reduced fingertip force capability. Finger 2 exhibited the most
significant variability in performance across all test positions, indicating less con-
sistent behavior. The performance differences among the three designs can be
attributed to their structural mechanisms. Finger 1’s elastic bridge architecture
distributes forces throughout the structure as circular voids provide graduated
flexibility without compromising structural continuity, preventing stress concen-
tration and enabling higher load capacity. Finger 2’s horizontal crossbeams create
discrete hinge points that concentrate stress, reducing the overall strength. Fin-
ger 3’s larger voids and increased height provide greater compliance but reduce
structural rigidity, resulting in lower force capacity despite the extended displace-
ment range. The optimal beam angle and thickness relationships warrant future
investigation through parametric studies.

For industrial powertrain applications that prioritize secure retention and con-
sistent performance, the balance of force capability, conformity, and cross-position
consistency established Finger 1 as the most suitable design. Thus, for this study,
we selected Finger 1 for subsequent integration into the gripper and further test-
ing. However, the modular architecture of the gripper system allows application-
specific finger selection, This flexibility demonstrates the gripper’s versatility for
various industrial grasping scenarios.

3.3.1.2 Gripper Mechanics

The modular design of the gripper incorporates interchangeable soft fingers, al-
lowing rapid reconfiguration with alternative finger morphologies and materials
suitable for specific applications. The three-finger modules, comprising a rigid
mechanism and soft fingers, can be easily separated from the gripper frame, and
the integrated stepper motors actuating them can be easily removed from the
motor frame. This extends the functional versatility of the gripper across various
object shapes and tasks, from delicate object manipulation requiring compliant
materials to applications requiring robust composite fingers.

To reconfigure the orientation of the gripper fingers, the finger modules can
be rotated around the lead screw axis on the gripper frame in fixed angular
positions adjusted using locking pins. Fig. 3.7 shows the locking pin mechanism
of the finger module orientation configuration. This provision to reconfigure the
gripper enhances versatility, adaptability, and efficiency across various industrial
sectors and applications.
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Motor Frame

Finger Module Reconfigurable Finger Locking Mechanism

Figure 3.7: Reconfigurable finger locking mechanism with fixed angular positions

Fig. 3.8 shows some possible reconfigurations of the fingers to attain different
grasp modes.

Figure 3.8: Gripper reconfigurable grasp modes (a) Equiangular configuration
(120° spacing), (b) Two-finger parallel grasp, (c) Three-finger envelope grasp,
and (d) Custom angular configuration
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The default orientation for the gripper is the three-finger equiangular configu-
ration with 120° spacing. The other modes are two-finger pinch or parallel grasp
(two fingers opposing one another), three- finger parallel envelope grasp (two fin-
gers on one side opposing the third), or customized angular finger arrangement
for specific applications. Moreover, each finger can be controlled individually,
allowing dexterous movements.

The gripper has a maximum grasping diameter of 219 mm when fully opened
in a standard finger arrangement, as depicted in Figure 3.9. Much effort was put
into reducing the overall weight of the gripper as components were specifically
machined in steel and aluminum with a compact design for the finger, gripper
frame, and link assemblies. The weight of the developed gripper is less than 2.8
kg.

Figure 3.9: Gripper bottom view showing maximum grasping diameter

The length of the gripper when fully extended is 340 mm, and the width from
the center of the flange to the motor front of a finger in the standard gripper
configuration is 108 mm. The contact interface length of the self-adaptable finger
is 76 mm. These dimensions are shown in Figure 3.10.
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Figure 3.10: Gripper dimensions

Figure 3.11 illustrates the grasping motion of the universal gripper when ap-
proaching an object. The gripper has a curvilinear translation motion that in-
volves both linear and rotational movements. Such motion causes the gripper
to move in a curved trajectory toward the object, allowing it to grasp complex
shapes. This would not be possible with a straight path motion toward an object
with irregular geometry. As the gripper reaches the object in a curved path, the
self-adaptable finger conforms to the shape of the object, allowing for an overall
stable and firm grasp.

3.3.2 Gripper Architecture and Analysis
The kinematic chain of each finger of the gripper comprises of two subchains, a
Chebyshev lambda linkage (also called Hoekens linkage) and a parallelogram four-
bar linkage, as shown in Figure 3.12. This architecture was designed to transform
the linear motion of a lead screw actuator into a precise gripping motion. The
Chebyshev lambda linkage transforms the linear motion of the lead screw (point
P on Figure 3.13) to a rotary motion of its output link L2, which is also a member
of the parallelogram four-bar linkage. The parallelogram mechanism maintains a
constant orientation of the finger as it approaches the component for grasping.

Straight-line mechanisms convert angular or rotary motion to straight-line
motion or vice versa. Watt, Chebyschev, Hoeken, Evans, Kempe, and Peaucellier
are the most common straight-line mechanisms. An accurate straight line can
only be attained using six or more links with only revolute joints. However, four-
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Figure 3.11: Gripper motion sequence during object grasping: (a) Initial Position
- starting position with maximum finger opening, (b) Curvilinear Approach -
fingers maintain orientation during curved trajectory (arrows indicate motion
paths), (c) Contact Engagement - object contact with finger adaptation. Note:
Illustration shows motion principle

Figure 3.12: Schematic of gripper finger showing linkages: (a) Chebyshev lambda
linkage, (b) Parallelogram fourbar linkage

bar approximate straight-line linkages are preferred because of their simplicity of
design. In the automation industry, straight-line motion is required in numerous
machines. The Chebyshev lambda linkage (also known as Hoekens linkage, a
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cognate mechanism of the Chebyshev linkage) is a four-bar mechanism that can
generate a partial straight line trajectory with less than one percent tolerance.
The Chebyshev lambda linkage can be driven by a motor as it is a crank-rocker
Lu et al. (2014); Norton (2014). This makes it an optimal linkage for the gripper
design, for the conversion of linear input to angular motion. The gripper weight,
maximum diameter of grasp, range of motion, and the link length ratios as per
required motion were the factors considered in determining the dimensions of the
subchains. Table 3.1 shows the dimensional parameters of the linkages.

Table 3.1: Dimensional parameters of the mechanism in millimeter (mm).

Linkage Type Linkage Lengths

Chebyshev
lambda

L1 L2 L3 L4

18 9 22.5 22.5

Parallelogram
fourbar

L5 L6 L7 L8

25 80 25 80

Figure 3.13: The Chebyshev lambda linkage

A reference schematic of the Chebyshev lambda mechanism with joint angles
in the reference configuration is shown in Figure 3.13. The link length con-
figuration of the linkage is L1:L2:L3:L4 = 2:1:2.5:2.5. Due to the links length
configuration of the Chbyshev lambda linkage there always exists a right angle
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∆AO4P at point O4 as shown in Figure 3.14. This geometrical property is used
to solve the kinematics of the Chebyshev lambda linkage Ju et al. (2024); Lu
et al. (2014).

Figure 3.14: Geometrical analysis of the Chebyshev lambda linkage

The link lengths are denoted as, L1 = LO2O4 , L2 = LO2A, L3 = LAB and
L4 = LBO4 with LO2O4 , LO2A, LAB and LBO4 being the lengths between specified
points. For a given input angle θCheb, the position of point A is determined by:

Ax = L2cos(θCheb) (3.1)

Ay = L2sin(θCheb) (3.2)

The distance d1 between points A and O4 can be calculated using ∆AQO4:

d1 =
√

(L1 + L2 sin(θCheb))2 + (L2 cos(θCheb))2

d1 =
√

(2L2 + L2 sin(θCheb))2 + (L2 cos(θCheb))2

= L2

√
5 + 4 sin (θCheb)

(3.3)

where L1 = 2L2 in accordance with the link length ratio and θCheb as the angle
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that defines the angular movement of the crank with the revolute joint at point
O2.

A perpendicular bisecting the vertex angle and base of the isosceles triangle
∆AO4B results in two congruent triangles. Thus, the distance d1 can also be
calculated considering ∆ACB:

d1 = 2L3 cos γ (3.4)

Based on the link length configuration L3 = 5
2L2, giving:

d1 = 5L2 cos γ (3.5)

By equating Equation (4.2) and Equation (3.5) the value of cos γ can be
evaluated:

cosγ = 1
5

√
5 + 4 sin (θCheb) (3.6)

Equation (3.6) can be used to evaluate the value of sin γ, given as:

sinγ =
√

1 + 1
25(−5− 4 sin (θCheb))

= 2
5

√
5− sin (θCheb)

(3.7)

Considering the triangle ∆AO4P the distance d2 between P and O4 is given
by:

d2 = 2L3 sin γ

= 2L2

√
5− sin (θCheb)

(3.8)

Using ∆AQO4 sinα can be determined, where α complements β that is the
angle between PO4 and x-axis:

sinα = L2cos(θCheb)
d1

= cos(θCheb)√
5 + 4 sin (θCheb)

(3.9)

Equation (3.9) can be used to find the value of cosα as:

44



3.3 Gripper Design and Architecture

cosα =

√√√√(2 + sin (θCheb))2

5 + 4 sin (θCheb)
(3.10)

From the above relations, the position P of the coupler corresponding to the
crank angle θCheb can be evaluated:

Px = L1 + d2 cos β = L1 + d2 sinα

= 2L2

1 +
cos (θCheb)

√
5− sin (θCheb)√

5 + 4 sin (θCheb)

 (3.11)

Py = d2 sin β = d2 cosα

= 2L2

√
5− sin (θCheb)(2 + sin (θCheb))√

5 + 4 sin (θCheb)
(3.12)

The velocity of components of point P can be obtained as:

VP x = dPx

dθCheb

ω (3.13)

VP y = dPy

dθCheb

ω (3.14)

The term ω represents the angular velocity of the link L2, expressed in rad/s.
The velocity of point A, the Chebyshev linkage output, can be calculated by
differentiating its component equations with respect to time as follows:

VAx = −L2ωsin(θCheb) (3.15)

VAy = L2ωcos(θCheb) (3.16)

The four-bar linkage is a closed-chain linkage having four binary links with
one DoF. Figure 3.15 shows a parallelogram linkage which is considered a special-
case Grashof linkage, having opposite sides equal in length. The parallelogram
linkage is advantageous as it precisely duplicates the rotary motion of the input
link at the output links. The coupler of the parallelogram four-bar linkage has
a curvilinear translation motion, maintaining the same angle while traveling in
a curved path. Hence, the coupler retains its orientation throughout the motion
Norton (2014). This property of the parallelogram four-bar linkage allows the
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Figure 3.15: Geometrical analysis of four-bar parallelogram linkage

gripper fingertips to move in a curved path without altering its orientation when
approaching an object.

In the parallelogram four-bar mechanism, the positions of A and B should be
evaluated over time. As θpara is the angle between the crank and fixed frame on
the x-axis. The x and y coordinates of A are given by:

Ax = L6cos(θpara) (3.17)

Ay = L6sin(θpara) (3.18)
Here, θpara is derived from the position of point A in the Chebyshev linkage.

The angle of the input link to the parallelogram is given by:

θpara = arctan(Ay

Ax

) (3.19)

Here, Ax and Ay are obtained using Chebyshev linkage kinematics to calculate
θpara.

The link lengths are defined as, L5 = LO2O4 , L6 = LO2A, L7 = LAB and
L8 = LBO4 . The distance d3 between points A and O4 can be found using law of
cosines:

d3 =
√
L2

5 + L2
6 − 2L5L6 cos(θpara) (3.20)

Next, we can calculate the angle α between L5 and d3 using the law of sines:

sinα = L6 sin (θpara)
d3

(3.21)
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The relation for the distance between points A and B is:

L7 =
√
d2

3 + L2
8 − 2d3L8 cos β (3.22)

Equation (3.22) can be solved further to get the relation for β as:

cosβ = d2
3 + L2

8 − L2
7

2d3L8
(3.23)

Hence, the x and y coordinates of point B are given by:

Bx = L5 − L8 cos(α + β) (3.24)

By = L8 sin(α + β) (3.25)

In this configuration, because L5 = L7 = 25 mm and L6 = L8, the motion of
point B is a direct translation of point A. Therefore, the coordinates of point B
can be found alternatively using a direct relation between points A and B, as the
offset between them remains constant in orientation while only the magnitude
changes:

Bx = Ax + (L5 − L6 cos (θpara)) (3.26)

By = Ay + L6 sin(θpara) (3.27)

The angular velocity of the input link of the four-bar parallelogram linkage is
derived from the motion of point A as follows:

ωpara = dθpara

dθCheb

ω (3.28)

The velocity components of B can be found by differentiating :

VBx = VAx + ωparaL6 sin (θpara) (3.29)

VBy = VAy + ωparaL6 cos (θpara) (3.30)

The Chebyshev lambda linkage and the parallelogram linkages are coupled
such that the link L2 of the Chebyshev lambda linkage acts as the input to the
parallelogram linkage, causing an angular rotation of the link L6 of the parallel-
ogram four-bar linkage. To understand the gripper dynamics, we performed a
velocity analysis using a standard input angular velocity of ω = 1 rad/s. This
unit angular velocity reference allows easy scaling for different operating speeds
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and simplifies the interpretation of mechanical advantage by directly comparing
velocity magnitudes.

The velocity analysis results in Figure 3.16 show that the velocity magnitude
(9.00 mm/s) of point A (Chebyshev output) is constant throughout the motion
and is equal to L2ω, this reflects the uniform circular motion. Point P (lead screw
connection) maintains a nearly constant velocity magnitude (12.02 mm/s±0.20%)
throughout the operating range (θCheb = 60° to 120°). This is achieved with the
optimized 1:2.5 link ratio configuration in the Chebyshev lambda linkage.

Figure 3.16: Velocity Magnitude vs Input Angle

Unlike points A and P, the velocity magnitude of point B (parallelogram link-
age output) exhibits a nonlinear profile across the input angle range. The velocity
of point B is highest at the extremes of the motion range (θCheb = 60° and 120°)
and reaches a minimum near the middle of the range (approximately at (θCheb =
90°). This velocity variation (70-77 mm/s) arises from the geometric coupling of
the linkages, where the angular velocity of the input link of the parallelogram
(ωpara) approaches zero for an instant in the mid-range. The variable veloc-
ity profile of point B provides various operational advantages; higher velocities
at motion extremes enable rapid approach and closure, improving cycle times;
reduced mid-range velocity provides finer control during critical object contact
and grasp motion; and smooth transitions between these states result in grad-
ual acceleration profiles that minimize vibration and shock loads during grasping
operation.

The mechanical advantage of the system is calculated as the velocity ratio
between points B and P, which demonstrates the force multiplication character-
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istics of the mechanism. This ratio averaged 6.06:1, with a maximum of 6.31:1,
indicating that while point B moves approximately six times faster than the lead
screw input at point P.

For precise gripper control through the lead screw motion, linear motion
throughout the operating range is critical because it eliminates lateral forces
that would otherwise cause premature wear, reduce efficiency, and potentially
create binding in actuator-linkage interface. The linear motion analysis of the
system is shown in Figure 3.17. Point P exhibits near-perfect linear motion (y =
-0.0000x + 36.0201), showing minimal deviations (maximum 0.0333 mm, average
0.0147 mm) across the complete operating range. Point P travels 12 mm (from
x = 24 mm to x = 12 mm) while maintaining a constant height of 36.02 mm,
representing the linear displacement required from the lead screw actuator.

Figure 3.17: Linear Motion Analysis of Point P

The Figure 3.17 shows two overlapping elements: the blue line representing
point P’s actual trajectory and the green line highlighting regions with deviation
<0.05mm from perfect linearity. These appear identical because 100% of the path
qualifies as a linear region, as all the deviations are below the threshold.

The kinematic analysis demonstrated that the proposed gripper architecture
with the combined Chebyshev and parallelogram linkages achieves exceptional
motion characteristics for precision gripping applications, with near-perfect lin-
ear motion (maximum deviation ±0.033 mm), consistent velocity control, and
significant mechanical advantage (up to 6.31). This motion precision meets in-
dustrial standards for automated assembly operations, which generally require
±0.1 mm for general object handling and ±0.05 mm for precision tasks ISO
(1998); SCHUNK GmbH & Co. KG (2025).
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3.4 Actuation and Control
This section presents the development and evolution of the actuation system
and control architecture for a three-fingered robotic gripper. The system em-
ploys JVL integrated stepper motors (MIS171 Series) with a two-phase devel-
opment approach: an initial LabVIEW implementation that established core
control functionality and validated the hardware architecture, followed by an
enhanced Python implementation that extended capabilities with advanced fea-
tures including synchronized multi-motor operation and multi-modal feedback
mechanisms. This progressive development approach enabled rapid prototyping
while ultimately achieving a production-ready control system.

3.5 Hardware Architecture
3.5.1 Motor Specifications
The gripper comprises three independent underactuated fingers, each actuated by
JVL A/S Integrated Stepper Motors (MIS171 Series) with lead screw mechanisms
as shown in Figure 3.18. Key specifications include:

• Integrated Design: Motor, encoder, controller, and communication board
in a single unit

• Closed-loop Operation: Continuous rotor position monitoring with stall-
free operation

• Performance: Running torque of 0.18 Nm, resolution of 409,600 counts/rev-
olution

• Power: Motor power 12–72 VDC (max 4.0 A), control power 7–28 VDC
(<200 mA)

Figure 3.18: Integrated Stepper Motor
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The motors support both MacTalk (proprietary JVL protocol) and Modbus
RTU (industrial standard) over RS-485 serial interface. The system utilizes Mod-
bus RTU at 19,200 baud with 8 data bits, even parity, and 1 stop bit for opera-
tional control.

3.6 Control Architecture Development
3.6.1 Phase 1: LabVIEW-Based Control Interface
The initial control system was developed using National Instruments LabVIEW,
providing a graphical programming environment well-suited for rapid prototyping
and hardware validation, the architecture is shown in Figure 3.19. This phase
successfully established the fundamental control architecture and validated the
motor specifications and communication protocols.

Motor 3

LabView Control System

User Interface

Modbus Communication VIs

Position Control Loop

RS-485 Serial Interface

Motor 2Motor 1 Motor 3

LabView Control System

User Interface

Modbus Communication VIs

Position Control Loop

RS-485 Serial Interface

Motor 2Motor 1

Figure 3.19: LabVIEW control system architecture with sequential motor control

Algorithm 1 presents the LabVIEW control structure, which established basic
position control capabilities.
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Algorithm 1 LabVIEW Control Architecture
1: procedure SystemInitialization(M)
2: for all mi ∈M = {M1,M2,M3} do
3: addr(mi)← i
4: if WaitForMacTalk(10 s) then
5: ContinueWithMacTalk(mi)
6: else
7: SetModbusRegister(mi, 125) ▷ Switch to Modbus RTU
8: ConfigureModbus(19200, 8,E, 1)
9: end if

10: end for
11: end procedure
12: procedure PositionControl(mi, ptarget)
13: pcurrent ← ReadPosition(mi)
14: while |ptarget − pcurrent| > 0 do
15: ∆p← ptarget − pcurrent
16: SendCommand(mi,∆p)
17: pcurrent ← ReadPosition(mi)
18: end while
19: end procedure
20: procedure GripperControl(M, θ) ▷ θ ∈ [0, 1]
21: Psync ← CalculatePositions(θ)
22: for all mi ∈M do ▷ Sequential execution
23: PositionControl(mi, Psync[i])
24: end for
25: end procedure

The LabVIEW implementation successfully achieved its primary objectives:

• Hardware Validation: Confirmed motor specifications and communica-
tion protocol functionality

• Control Paradigm: Established position-based control architecture for
three independent fingers

• Communication Reliability: Achieved communication latency <50 ms
at 19,200 baud with consistent operation

• Position Control: Demonstrated command response time <100 ms with
inter-finger synchronization error <2 mm

• Operational Range: Validated full range of motion with consistent 2-
second closing time
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• Protocol Implementation: Successfully configured motors from MacTalk
to Modbus RTU operational mode

These achievements provided confidence in the hardware selection and estab-
lished the foundational control approach, enabling progression to more advanced
features.

3.6.2 Phase 2: Enhanced Python Implementation
Building upon the validated LabVIEW foundation, a Python-based control sys-
tem was developed to extend functionality and enable more sophisticated control
strategies. This transition facilitated implementation of advanced features in-
cluding truly synchronized motor control, comprehensive feedback monitoring,
and intelligent grip detection. Figure 3.20 shows the enhanced architecture.
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Figure 3.20: Python control system with synchronized commands and multi-
modal feedback
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3.7 Advanced Features in Python Implementa-
tion

3.7.1 Synchronized Command Transmission
The most significant enhancement over the LabVIEW system is the implemen-
tation of truly synchronized motor control, eliminating the sequential command
delay observed in the initial system. Algorithm 2 details this approach.

Algorithm 2 Synchronized Multi-Motor Control
1: procedure SendSynchronizedCommands(motor_positions)
2: Phase 1: Pre-build command frames ▷ No I/O operations
3: command_frames← []
4: for all (mid, ptarget) ∈ motor_positions do
5: frame← BuildModbusFrame(mid, ptarget)
6: command_frames.append(frame)
7: end for
8: Phase 2: Clear communication buffers
9: SerialPort.ClearInputBuffer()

10: SerialPort.ClearOutputBuffer()
11: Phase 3: Rapid transmission
12: tstart ← GetCurrentTime()
13: for all frame ∈ command_frames do
14: SerialPort.Write(frame) ▷ < 1µs between writes
15: end for
16: SerialPort.Flush() ▷ Force immediate transmission
17: Phase 4: Non-blocking response collection
18: responses← CollectResponsesAsync(timeout = 10ms)
19: ttransmission ← GetCurrentTime()− tstart
20: return (responses, ttransmission)
21: end procedure

Performance Achievement: Synchronization delay reduced from 100–300
ms (LabVIEW sequential implementation) to <1 ms (Python parallel transmis-
sion).

3.7.2 Multi-Modal Feedback Integration
Extending beyond the position-only monitoring in the LabVIEW system, the
Python implementation monitors four parameters simultaneously through dedi-
cated register reads: position (register 10), velocity (register 11), torque (register
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12), and current (register 13). The read_all_feedback() method provides real-
time monitoring of all parameters, enabling intelligent grip detection through two
complementary strategies.

3.7.2.1 Velocity-Based Stall Detection

Figure 3.21 illustrates the velocity-based detection logic, which identifies object
contact when motor velocity drops below 500 encoder units/second for 5 con-
secutive readings despite active position commands. The system also monitors
position change (tolerance: 5000 units) to confirm genuine stalling versus com-
manded stops.
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Figure 3.21: Velocity-based stall detection flowchart

The system monitors motor velocity and position in encoder units, the native
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output from the motor’s integrated encoder (409,600 counts/revolution). A ve-
locity below 500 encoder units/second combined with position change less than
5000 units for five consecutive readings (250 ms) indicates a stalled condition,
signaling object contact.

3.7.2.2 Torque-Based Grip Detection

Torque monitoring provides direct force feedback, enabling adaptive gripping
based on object resistance. Motor-specific thresholds (M1: 15,000, M2: 25,000,
M3: 20,000 encoder units) compensate for mechanical variations. Algorithm 3
presents this strategy.

Algorithm 3 Torque-Based Grip Detection
1: procedure TorqueGripDetection(mid)
2: Tthresh ← {M1 : 15000,M2 : 25000,M3 : 20000}
3: τbaseline ← ReadTorque(mid)
4: while MotorMoving(mid) do
5: τcurrent ← ReadTorque(mid)
6: ∆τ ← |τcurrent − τbaseline|
7: if ∆τ > Tthresh[mid] then
8: Fgrip ← EstimateForce(∆τ)
9: ExecuteControlledStop(mid)

10: return (GRIP_DETECTED, Fgrip)
11: end if
12: UpdateBaseline(τbaseline, τcurrent)
13: end while
14: end procedure

3.7.3 Hybrid Control Strategy
The system combines velocity and torque detection for robust operation across
diverse object types. Figure 3.22 shows the integrated control flow.

3.7.4 Safety and Monitoring Features
The Python implementation includes several safety mechanisms absent in the
LabVIEW system:

1. Emergency Stop: Dual-action stop sequence that first sets velocity to
zero, then locks position to prevent unintended movement. Response time
<100 ms.

56



3.7 Advanced Features in Python Implementation

2. Position Limits: Software-enforced bounds (minimum: −2.1×106, maxi-
mum: 7×106 encoder counts) prevent mechanical damage from over-travel.

3. Multi-threaded Monitoring: Background thread updates position dis-
plays every 500 ms without blocking command execution, providing real-
time system awareness.

4. Communication Validation: CRC16 verification on all Modbus trans-
actions ensures data integrity, with automatic retry on checksum failures.

These safety features complement the intelligent grip detection, creating a
robust control framework suitable for production environments.
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Figure 3.22: Hybrid control strategy integrating multiple feedback modes

The two-phase development approach proved effective for this robotic grip-
per system. The LabVIEW implementation successfully established and vali-
dated the fundamental control architecture, confirming hardware specifications
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and demonstrating reliable position-based control. This foundation enabled con-
fident progression to more advanced features.

The Python implementation built upon this validated foundation to introduce
significant enhancements:

1. Coordinated Motion: Parallel command transmission architecture elim-
inated sequential delays, enabling truly synchronized three-finger operation

2. Comprehensive Sensing: Utilizing all available motor feedback parame-
ters (position, velocity, torque, current) enabled development of intelligent
control strategies

3. Adaptive Control: Hybrid velocity-torque grip detection accommodates
diverse object properties, preventing damage to delicate items while ensur-
ing secure grasps

4. Robust Safety: Multi-layered emergency stop, position limits, and con-
tinuous monitoring ensure safe operation in practical applications

The motor-specific torque thresholds (M1: 15,000, M2: 25,000, M3: 20,000)
demonstrate the system’s capability to compensate for hardware non-idealities, a
critical requirement for practical robotic systems. Rather than treating all fingers
identically, the system adapts to actual mechanical variations.

This section presented the progressive development of the gripper actuation
system through two implementation phases. The initial LabVIEW system suc-
cessfully established position-based control with reliable communication (<50 ms
latency), validated hardware specifications, and demonstrated consistent gripper
operation with 2-second closing times and inter-finger synchronization within 2
mm. Building upon this validated foundation, the Python implementation in-
troduced substantial enhancements: improvement in motor synchronization (<1
ms), comprehensive 4-parameter feedback monitoring at 20 Hz, and intelligent
grip detection. These advancements, combined with robust safety features, pro-
vide a production-ready control system suitable for precise robotic manipulation
tasks. The two-phase approach demonstrates the value of progressive develop-
ment: rapid prototyping to validate concepts, followed by targeted enhancements
to achieve advanced functionality.

3.8 Experiments and Results
To evaluate the complete gripper assembly’s object retention and holding capabil-
ities, tensile (pull-out) and grasping tests were conducted. Each tensile test was
performed five times to ensure statistical validity. A range of objects was tested
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for the suitability of the gripper, with a primary focus on automotive industrial
parts, while grasping tests were performed with the gripper mounted on A 6DOF
Comau industrial robot.

3.8.1 Tensile (pull-out) tests
Pull-out experiments were carried out with the gripper assembly mounted on the
UTM to measure the force and displacement values. While the gripper’s modular
design enables multiple configurations, the default three-finger equiangular con-
figuration (120° spacing) was selected for retention testing because it represents
the optimal arrangement for maximum grasping stability and force distribution.
Moreover, using the default configuration, the tests provide the baseline inherent
gripper retention capability. In practical applications, alternative configurations
can be selected in accordance with object geometry. The tests were performed
at a controlled displacement rate of 10 mm/min with a 5 N preload, allowing
sufficient data resolution to capture the characteristic force peaks and plateaus
during gripping and slippage. The tests were performed five times and demon-
strated good repeatability with a CoV ranging from 9-13% for peak retention
forces.

First, a 3D printed cube of 40 mm was used to test the three-finger grasp,
as shown in Fig. 3.23a. The corresponding result revealed a complex pattern
with multiple peaks varying between 31 N to 79 N of force, followed by smaller
peaks varying between 21 N to 29 N as the object is near total slippage after 17
mm displacement, as shown in Fig. 3.23b. The initial force peak of 61 N at 2
mm of displacement represents the static friction threshold of the grasp, while
subsequent peaks indicate partial slippage and grip adjustment events as the test
implements a continuous pull-out of the object. The region where smaller peaks
are observed indicates the dynamic friction phase, where the object is undergoing
continuous, slow slippage through the fingers, approaching total loss of contact.
Maximum retention force observed across trials with the 3D printed cube was
79±7.8 N (CoV=9.9%) and initial peak variation of 61±6 N (CoV=9.8%).

The equiangular configuration proved effective for the tested cubic shape, with
three contact points simultaneously engaging different faces of the cube. The
sustained dynamic friction force observed in our experiments fluctuated between
21 N and 29 N, indicating a range of grip stability during controlled slippage,
translating to a practical load capacity varying approximately between 2.1 and
2.9 kg (accounting for gravitational acceleration).
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(a)

(b)

Figure 3.23: Tensile test - Cube (a) Test setup and (b) Tensile test representative
curve

The tensile test of a flat industrial part shown in Fig. 3.24a produced a rapid
force build-up, reaching a force of 45 N at approximately 3.5 mm displacement
with an initial finger self-adjustment at 1.7 mm of displacement with 39 N of force,
as shown in Fig. 3.24b. The initial increase in force indicates a secure grasp of the
object, followed by a gradual reduction in force due to continuous slippage of the
object. Force fluctuations were observed, demonstrating the dynamic adjustment
of the self-adaptable fingers to conform to the object as the object continues to slip
and starts to stabilize around 8-10 N after 20 mm displacement. Subsequently,
a final force recovery is observed at 23-26 mm, indicating engagement with a
different geometric feature of the object as it continued to slip through the grasp.
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Peak force repeatability observed during the five trials was 45±5 N (CoV=11.1%).
The relatively lower sustained force during the slippage phase compared to the

cube demonstrates the challenge of maintaining friction on flat-surfaced objects.
Nevertheless, the gripper demonstrated an effective initial hold before the start
of the controlled slippage, confirming its capability to grasp objects with limited
geometric features that allow for a secure grasp.

(a)

(b)

Figure 3.24: Tensile test - Flat industrial part (a) Test setup and (b) Tensile test
representative curve
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Furthermore, a pull-out test was carried out using a prototype of a complex
industrial part. The experimental setup is shown in Fig. 3.25a. The complex
shape demonstrated an intricate force profile with multiple significant retention
force peaks across the displacement range, as shown in Fig. 3.25b.

(a)

(b)

Figure 3.25: Tensile test - Complex industrial part (a) Experimental setup and
(b) Representative curve
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An initial force of 7.8 N, followed by a variation in the force as the displace-
ment increases, indicates the adjustment of the fingers to the shape of the object.
Subsequently, a significant increase in force of approximately 36 N at a displace-
ment of around 2.5 mm is observed, followed by a series of increasingly higher
force peaks: approximately 60 N at 7.8 mm, multiple intermediate force peaks
in the 40-55 N range between 8-12 mm, a significant peak of 63 N at 14.5 mm,
culminating in the maximum retention force of approximately 77 N observed
around 17 mm displacement. However, as the axial pull-up force by the UTM
exceeds force peaks with a slight decrease in the force of 56 N and 53 N occurs
before the force transitions to a steady-state of 12-20 N beyond 20 mm displace-
ment. The response pattern demonstrates a dynamic grip-slip-regrip mechanism
as the object is pulled through the grasp. The individual peaks represent the
redistribution of grip forces across the self-adaptable fingers or engagement with
a different geometric feature of the object. The significant force peak at 77 N
highlights the grippers’ ability to adapt to complex geometries and exploit the
geometric features of complex industrial components. During repeated tests, a
maximum retention force of 77±10 N (CoV=13.0%) was observed, with multiple
intermediate peaks of 40-60 N range showing similar repeatability.

The tensile testing results demonstrate the gripper’s object retention capabil-
ities across varied geometries. Maximum retention forces of 45 N (flat surfaces)
to 77 N (complex geometry) were achieved. The sustained forces during slippage
(15- 25N) translate to practical load capacities of 1.5-2.5kg, with peak reten-
tion supporting loads up to 7.7 kg. These results confirm the suitability of the
proposed gripper for diverse industrial components.

3.8.2 Grasping assessment with gripper integrated with a
6DOF industrial robot

In order to validate the gripper’s performance, we performed grasping exper-
iments by integrating the gripper with a 6DOF industrial robot arm (Comau
NS-16) having a payload capacity of 16 kg, as shown in Fig. 3.26.
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Figure 3.26: Experimental setup with gripper integrated with a 6DOF Comau
Industrial Robot

Test objects representing varying weights, geometries, and surface properties
were selected to test the gripper’s performance. Table 3.2 presents the tested ob-
jects, their weights, and dimensions. Each object was positioned in a predefined
location, and the robot was programmed to approach the object, securely grasp,
lift, hold the object for 20 seconds in the elevated position, and finally return
the object to its location on the table. To reliably assess grasping performance,
the test was repeated five times for each object. Moreover, to validate the grip-
per’s versatility, different finger configurations were used for testing. The default
equiangular configuration was applied to the car fan blower, orange, and clutch
pressure plate. The two-finger parallel grasp was employed for the car power
control unit, bearing, and power supply box. Lastly, the three-finger envelope
grasp was used for the car tail light, pneumatic cylinder, and suspension upper
control arm, as shown in Fig. 4.34.

64



3.8 Experiments and Results

Table 3.2: Properties of grasped objects with gripper mounted on Comau robot

Object Weight (g) Dimensions (mm)
Car Fan Blower 1633 180 (D), 140 (H)

Orange 200 76 (D)
Clutch Pressure Plate 3315 216 (D), 40 (H)

Car Power Control Unit 260 160×138×35 (L×W×H)
Bearing 400 60 (D)

Power Supply Box 1400 163×162×85 (L×W×H)
Car Tail Light 1550 Complex

Pneumatic Cylinder 600 179×45×45 (L×W×H)
Suspension Upper Arm 2400 Complex

The grasp tests utilizing the default three-finger configuration with 120° spac-
ing demonstrated good versatility across the tested objects. The car fan blower
(1533 g) was grasped reliably, with the fingers effectively conforming to its cir-
cular base geometry. The orange (200 g) was handled with consistent success
because the self-adaptable fingers conformed to the shape of the orange without
causing any damage or deformation, demonstrating the gripper’s ability to handle
fragile objects. Grasping tests of the clutch pressure plate (3315 g) demonstrated
the gripper’s capability in the upper range of its capacity. Although the initial
grasp of the pressure plate was secure, as visible in Fig. 5.9c, partial slippage
was observed during the 20 second holding phase in two of the five test cycles.
This indicates 3-3.5 kg as the practical upper limit for grasping with the grippers’
default equiangular configuration, aligning well with the retention force measure-
ments from the tensile tests.

Testing using the two-finger parallel configuration was more effective for grasp-
ing objects with parallel surfaces. Both the car power control unit (260 g) and
the bearing (400 g) were grasped successfully in all the trials, with the adapt-
able fingers conforming to the surface edges and maintaining a secure grasp. The
power supply box (1400 g) was also successfully grasped, and a stable grasp was
maintained in all trials, demonstrating the gripper’s ability to hold moderately
heavy prismatic objects.

The three-finger envelope configuration is particularly effective for complex
objects. The car tail light (1550 g) was successfully grasped in the trials, with
the fingers conforming to its complex geometric features. The pneumatic cylinder
(600 g) was also reliably manipulated in the envelope configuration with a stable
hold. The suspension upper control arm (2400 g) presented moderate difficulty
because of its weight and complex shape. The gripper was able to securely hold
the suspension control arm during the holding phase in four of the five tests, with
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minor slippage in one trial.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.27: Grasping assessment with gripper grasping various objects: (a) Car
fan blower, (b) Orange, (c) Clutch pressure plate, (d) Car Power control unit, (e)
Bearing, (f) Power supply box, (g) Car tail light,(h) Pneumatic cylinder and (i)
Suspension upper arm
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The experimental results demonstrate that the practical weight limit for se-
cure and reliable grasping was closely aligned with the sustained force values
observed in the tensile tests. Objects weighing up to approximately 2.5 kg were
grasped reliably, while objects approaching or exceeding 3 kg showed minor oc-
casional slippage. Although force–torque sensing was not available, quantitative
performance metrics were collected for repeated tests. The default equiangular
configuration achieved 100% grasp success for objects weighing up to 2.5 kg but
demonstrated reduced performance with the clutch plate weighing 3.3 kg, ex-
periencing partial slippage in 2 of 5 trials. In contrast, the two-finger parallel
configuration demonstrated 100% success across all tested objects. The three-
finger envelope configuration achieved around 95% overall success, with partial
slippage occurring in 1 of 5 trials when handling the suspension upper arm. Op-
erational consistency was observed through consistent gripper closing times of
2.0±0.2 seconds across all gripper configurations. All successful grasps main-
tained stability throughout the full 20 second hold period. Notably, no visible
damage was observed to delicate objects (orange) in any of the tests.

Objects with complex geometry and sharp curvy edges presented challenges
due to limited contact area, indicating the possible benefits of application-specific
soft finger designs. Grasp performance was significantly influenced by the optimal
gripper configuration, as each configuration demonstrated specific advantages for
different object classes. The equiangular configuration was optimal for grasping
objects that require a balanced force distribution. The two-finger parallel config-
uration was better for grasping prismatic objects, and the three-finger envelope
grasp demonstrated better grasping performance for irregular objects.

The test results validate the practical use for industrial powertrain applica-
tions involving components weighing up to 2.5 kg with high reliability and up to
3.3 kg with moderate reliability. The modular and reconfigurable design of the
gripper proved particularly valuable during testing, enabling rapid reconfigura-
tion to efficiently grasp the tested objects. For industrial deployment based on
our results, we recommend a safety factor of 2.0, limiting operational loads to
1.25 kg for continuous operation and a maximum recommended payload of 2.5
kg for low-speed operations. These factors account for the observed transition
from peak retention force to sustained force during controlled slippage, ensuring
reliable operation in industrial environments. Typical automotive components
in our test range fall within safe operational limits when using the appropriate
gripper configuration. The 3315 g clutch plate represents the upper limit requir-
ing an envelope configuration for optimal safety. The primary failure mode was
gradual slippage and no drastic failure modes were observed during testing.
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3.9 Chapter Summary
This chapter detailed the kinematic analysis, actuation, and control of the uni-
versal gripper. An analytical model of the Chebyshev and four-bar linkage was
developed, revealing nearly linear fingertip movements and considerable force
enhancement. Independent actuation and sensorless control capabilities were en-
abled through the use of integrated stepper motors. Tests conducted with a
Universal Testing Machine and a COMAU 6DOF robot demonstrated the grip-
per’s versatility and industrial applicability. These results provide a foundational
benchmark for performance, which will serve as a reference for evaluating future
design improvements in Chapter 4.
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Chapter 4

Gripper Enhancement

4.1 Introduction
The original universal gripper design introduced in Chapter 3 demonstrated the
feasibility of combining rigid linkages with compliant fingers to achieve adaptable
industrial manipulation. While effective in handling a range of objects, limita-
tions were observed in grasp stability, adaptability to varying geometries, and
load capacity, along with rigid link interference due to unwanted interaction of
complex-shaped objects with the inner part of the linkage. Addressing these chal-
lenges required systematic analysis of the soft finger and exploration of enhanced
linkage configurations.

This chapter presents enhancements to our universal gripper. The redesigned
self-adaptable fingers, validated through finite element analysis and experimen-
tal testing, achieved an improvement in the wrapping capability while increasing
the maximum retention force. The transformation from a four-bar to six-bar
linkage mechanism with an integrated compliant pad eliminated rigid link inter-
ference issues, enabling articulation angles up to δ1 = -22° and δ2 = -15° while
maintaining 95.3% force transmission efficiency. These enhancements expanded
the operational capacity from 3 kg to 7.5 kg maximum payload and increased
the grasping diameter by 23% to 270 mm. Comprehensive validation through
pull-out tests and robotic grasping experiments with objects ranging from 247 g
to 7500 g demonstrated the performance of the enhanced industrial gripper with
100% success rate. The enhanced gripper combines soft robotic adaptability with
industrial reliability through passive compliance, enabling flexible manufacturing.
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4.2 Design Enhancement Methodology
4.2.1 Performance Gap Analysis
Comprehensive analysis of the initial gripper’s performance in industrial trials
identified specific enhancement requirements:

1. Force limitations: While the original design achieved 77 N peak pull-out
force, automotive assembly applications required forces exceeding 150 N for
secure manipulation of heavy components during dynamic operations.

2. Geometric Constraints: The four-bar parallelogram linkage experienced
mechanical interference, limiting the gripper’s ability to fully envelop large
objects. This interaction not only compromised the gripper’s structural
integrity but also caused damage to the objects during the handling process.

3. Finger Adaptation: Initial finger designs demonstrated adequate compli-
ance but suboptimal wrapping behavior for irregular geometries, resulting
in reduced contact area and force distribution.

4. Material Durability: Extended testing revealed wear patterns in TPU
fingers, particularly at high-stress concentration points, necessitating design
modifications for improved longevity.

4.2.2 Design Enhancement Strategy
The enhancement strategy employed parallel development paths:

1. Quantitative Finger Evaluation: Development of the deflection coef-
ficient metric to systematically evaluate and optimize finger wrapping be-
havior.

2. Develop enhanced architecture: Introduce a six-bar linkage with com-
pliant pad integration to improve adaptability.

3. Validation Protocol: Establishment of standardized testing procedures
for comparative evaluation of self-adaptable fingers and the universal grip-
per.

4.3 AM-ed Material characterization
The Flexfill TPU 98A thermoplastic rubber material was characterized accord-
ing to the ASTM D412 normative, which defines the procedures to be used to
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evaluate the tensile properties of vulcanized thermoset rubber and thermoplastic
elastomers. The specimens shown in Figure 4.1 were AM-ed for the characteri-
zation experiment.

Figure 4.1: Tensile test specimen with dimensions

Five tensile test repetitions were carried out, a representative result curve is
shown in Figure 4.2.

Figure 4.2: Tensile test result, representative curve

The averaged tensile value were used as input for the ANSYS curve fitting
tool to estimate the hyperelastic material law constants. To describe the material
behavior a 5 parameters Mooney-Rivlin model Bergström (2015) was utilized.
The five-parameter Mooney–Rivlin model can be expressed in its general form as
shown in Equation (4.1).

W = C10(I1 − 3) + C01(I2 − 3) + C11(I1 − 3)(I2 − 3)+
C20(I1 − 3)2 + C02(I2 − 3)2 + (1/d)(J − 1)2 (4.1)
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In this formulation, W denotes the strain energy function, while I1and I2 rep-
resent the first and second invariants of the deviatoric strain tensor, respectively.
The coefficients Cij are material parameters that describe the material’s response
to deviatoric deformation, and d is a dimensionless parameter associated with
the material’s incompressibility. The constant values are reported in Table 4.1.

Table 4.1: Material constants for Mooney–Rivlin five-parameter model

Parameter
(units)

C10

(MPa)

C01

(MPa)

C11

(MPa)

C20

(MPa)

C02

(MPa)

d

(-)

Values -26.25 38.14 -0.87 0.13 9.19 0

The obtained material card was validated performing in ANSYS the virtual
testing of the tensile test using 3-D 10-Node tetrahedral structural solid element
and mesh size of 0.8 mm. The force-displacement result is shown in Figure 4.3.

Figure 4.3: Material card validation, comparison between FEA and experimental
results

4.4 Self-Adaptable Finger Design
The design of the self-adaptable finger presented in Chapter 3, had a triangular
structure with elastic bridges inside the contour to attain the wrapping of the
object, as shown in Figure 4.4. These fingers were able to self-adapt substantially
to the shape of the object and perform a secure grasp; however, it was observed
that when the force in the pull-out tests exceeded 70 N, object slippage occurred.
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Figure 4.4: (a) Finger 1, Self-adaptable finger With internal bridges, (b) Finger
2, Redesigned self-adaptable finger With no internal structure

Because the universal industrial gripper is intended to handle parts with
varied rigidity and dimensions, high gripping force is essential along with self-
adaptability. The redesign of the soft finger was investigated with the aim of
achieving a higher gripping force while maintaining the characteristic benefits of
self-adaptability. This would allow the gripper to securely grasp heavier rigid
and soft workpieces, even at a high acceleration rate. The structural optimiza-
tion method Suder et al. (2021) was used as the starting point for redesigning
the self-adaptable finger. In this approach, a mathematical method to evaluate
the ability of a passive adaptable soft finger to wrap around an object being
grasped was introduced. Various finger designs with different components and
internal structures were evaluated using FEA and experimental tests, and it was
concluded that the finger with no internal structure had superior adaptability.
Moreover, it was observed that if the thickness of the contact side and the op-
posite side of the finger were increased, a higher force was required to achieve a
certain deflection.

Initially, a compliant finger with a triangular contour with variable thickness
and no internal elastic bridges was designed, and the design was refined iteratively.
The designed iterations were first evaluated on the basis of the approach defined in
Suder et al. (2021) and then by comparison of the force–displacement curves, with
the intent of achieving better results than the previous design shown in Figure
4.4(a). The experimental tests were performed using a specifically designed rig
allowing accurate evaluation and controlled motion. The achieved self-adaptable

73



4.4 Self-Adaptable Finger Design

soft finger design is shown in Figure 4.4(b). A different pattern of friction teeth
was also incorporated into the finger design along with a step at the fingertip to
enhance stability and prevent the slippage of objects.

Testing for finger evaluation was performed using the experimental setup
shown in Figure 3.3.

4.4.1 Finger Wrapping Assessment
The methodology defined in Suder et al. (2021) is based on the deflection coeffi-
cient, which is calculated while the finger is being pressed by an increasing load.
To perform this test, the finger must be fixed at the mounting end while the
positions of certain points changing under load are noted. The two positions to
be observed are the contact point where the object is pressed into the finger and
the fingertip. The finger is pressed by the object in steps of 1 millimeter, and
at each step, the perpendicular distance of the points from their positions in the
unloaded state is measured. Figure 4.5 shows the distances measured, where Dc
is the deflection at the edge of the inward face of the finger where it comes into
contact with the object and Dt is the deflection measured at the fingertip.

Object

Fixture 

Dc 

Dt

Figure 4.5: Distance measurement with finger under load

Using the distances measured, the finger deflection coefficient can be calcu-
lated. The deflection coefficient δ is defined as:

δ =
∑n

i=1
Dti

Dci

n
(4.2)

where Dt and Dc are the distances measured in the ith compression step. In a
comparison of different designs of soft FinRay fingers, the finger with the smallest
value of δ is considered to have the best wrapping characteristic.

The fingers were preliminary virtual tested in ANSYS replicating the setup
described in Suder et al. (2021) using the values obtained for finger 1 as reference.
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The fingers developments aimed to minimize the δ coefficients. This iterative
optimization led to the shape of finger 2. Virtual testing full-field displacement
results are reported in Figure 4.6. To evaluate the coefficient δ displacement
results were evaluated each millimeter and the values Dt and Dc were assessed
using probes at the positions displayed in Figure 4.5. The values of Dt and Dc
are shown in Table 4.2.

Figure 4.6: FEA results, x-axis displacement plot for both fingers: a) Finger 1;
b) Finger 2, redesigned self-adaptable finger

To carry out the same characterization experimentally, assessing Dt and Dc to
calculate the coefficient δ of both compliant fingers, the setup shown in Figure 3.3
was utilized with the UTM applying compression force. The test was performed
with a total compression of 12 mm, making n equal to 12. To precisely measure
the fingertip and object contact points perpendicular to the contact surface, the
Tracker video analysis tool (OSP) was used along with some measuring tools
needed to set the scale of the video. The test setup for the new finger design
is shown in Figure 4.7. R is used as a reference to measure the distance of
the contact point C as C remains stationary during the test. Even though the
direction of R is opposite to that of C, they will have the same travel distance.
F shows the direction of the fingertip after the consecutive steps. The values of
Dt and Dc attained with this experiment give the deflection coefficient of the
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respective fingers and are shown in Table 4.2. The value of δ for Finger 2 is much
less than that for Finger 1; hence, it has a better wrapping property.

F

R

C

Figure 4.7: Finger deflection coefficient video analysis setup

Table 4.2: Deflection coefficient for Finger 1 and Finger 2

Finger Structure Compression
Depth (mm)

Deflection
Coefficient

(FEA)

Deflection
Coefficient

(Experimental)

Finger 1
(white)

Fig. 4.4(a)

Internal
bridges 12 0.45 0.39

Finger 2
(red)

Fig. 4.4(b)

No internal
structure 12 0.12 0.1

4.4.2 Quasi-Static Force-Displacement Test
The grasping solution aimed required good conformity along with a higher load-
carrying capacity so that the gripper could handle various fragile and rigid objects.
To evaluate and quantify whether the redesigned finger (finger 2) geometry would
perform better at grasping than the previous iteration of the self-adaptable finger
(finger 1), the force and displacement behavior of both fingers were analyzed.
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The force–displacement curve allows the assessment of finger deflection under
load and force generation. These quasi-static tests were performed using a UTM
by slow application of force up to 45 N with a preload value of 5N, ensuring
proper contact, finger stability, and elimination of slack. A 45 N limit was set
as the finger will subjected to lesser force when mounted on the gripper. The
testXpert software was used to control the UTM and continuously collect force
and displacement data during the test. To assess the grasping performance of
both fingers at different positions, the stop block was placed at three different
points with the fingers having inward face down. This setup allows the application
of force at the one-third, two-thirds, and tip of the fingers. The arrangement is
shown in Figure 4.8.

1/
3

2/
3

TI
P

Figure 4.8: Stop block positions for Quasi-Static Force-Displacement Testing

An instant of the quasi-static test for both finger 1 and finger 2 with the
object at the two-third position of the fingers is shown in Figure 4.9. The figure
corroborates that the fingers are deforming at the desired point when an exter-
nal force is applied. The force-displacement curves of finger 1 and finger 2 are
shown in Figure 4.10. At the two-third position, the curve of finger 1 illustrates
that the deformation is complex and can vary based on changing loading con-
ditions. Initially, the force increases gradually with displacement. However, as
the displacement reaches 16 mm, a decline in force combined with sudden drops
and peaks is observed, indicating the initial compression of the internal struc-
ture of finger 1 as the FinRay effect occurs. Furthermore, a less abrupt response
with increasing force is observed until the displacement reaches 30 mm, and then
drops and peaks are observed when the internal elastic beams of the finger are
fully compressed. This sudden series of drops and peaks occurs because of the
slippage of the object as the finger adjusts to the object during deformation.
While a higher displacement indicates more adaptability, finger 1 demonstrates
an over-compliant behavior, which signifies a lower grasping force and loss of
stability during grasping. The force-displacement curve of finger 2 with no cross
beams at the two-third position exhibits low initial stiffness, implying that it can
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deform with a small application of force from the object. This characteristic is
important to ensure adaptability without exerting too much force, which might
damage the object being grasped. As the force on the finger increases, relatively
smooth progressive stiffening behavior is observed, which is necessary for slippage
prevention and grasp stability while conforming to the object shape. Finger 1
reaches a force of 45 N with approximately 15 mm of displacement which signifies
fingers gradual deformation with increasing force.

Figure 4.9: Force-displacement test at two-thirds (2/3) position of finger 1 (left)
and finger 2 (right)
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Figure 4.10: Force-displacement curve at finger 2/3 position

An image of the test performed with the stop block placed at the one-third
position of the fingers is shown in Figure 4.11 and the corresponding force-
displacement curve is presented in Figure 4.12. This position of the fingers is
closer to the fixture and should demonstrate a stiffer response compared to the
force-displacement behavior at the two-third position. The force-displacement
curve shows that finger 1 exhibits more compliance with lower application of
force but shows a slight declination in the curve around 8 mm of displacement
as the finger starts to conform then around 16 mm of displacement sudden drops
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and peaks are observed in the curve this abrupt behavior occurs due to slippage
of fingers contact teeth contacting the stop block and also due to compression of
the internal finger bridges. These sudden changes in the curve may result in a
potential loss of grasp. In contrast, the force-displacement curve of finger 2 shows
uniform compliance throughout with no sudden changes in stiffness or localized
peaks.

Figure 4.11: Force-displacement test at one-third (1/3) position of finger 1 (left)
and finger 2 (right)
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Figure 4.12: Force-displacement curve at finger 1/3 position

Moreover, the fingers were tested by placing a stop block at their tips. A
captured image of the test is shown in Figure 4.13 and the corresponding force-
displacement graph is shown in Figure 4.14. The force-displacement curve of
finger 1 shows that after reaching a force of 21 N at the fingertip, a drop in force
is observed; this dip is due to finger deformation. Following the drop in force,
finger 1 behaves more rigidly after the initial deformation, and a gradual increase
in force is observed until slippage occurs at approximately 37 N of force followed
by a series of slips identified by the peaks in the curve. Contrarily for finger 2, the
force and displacement increase gradually without major disruptions as finger 2
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retains its structural integrity until the subjected force reaches 50 N. The Finger
1 force-displacement curve indicates a higher degree of flexibility, and after the
initial dip in force, it offers a higher rigidity until object slippage occurs. However,
finger 1 is unable to reach a higher peak force as deformation occurs at 21 N,
whereas finger 2 shows more resistance to deformation and maintains stability
when subjected to higher loads until slippage occurs at 50 N. Thus, finger 2 is
a more viable option for tasks that require a strong and stable grip from the
fingertip with consistent behavior.

Figure 4.13: Force-displacement test at the fingertip of finger 1 (left) and finger
2 (right)
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Figure 4.14: Force-displacement curve at fingertip position

The force-displacement tests allowed us to gain valuable insights into the
mechanical responses of both fingers. The quantified data attained from the
UTM was crucial for improving the design of the self-adaptable finger for the
universal gripper. From the results presented above it can be concluded that the
redesigned finger provides a more stable and adaptable behavior while having a
higher load-handling capacity. Hence, the consistent behavior of finger 2 makes
it more versatile as it may be used to handle a broader range of fragile to rigid
objects thus making it more suitable for our required industrial application.
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4.5 Gripper Linkage Design and Enhancement
The gripper comprises three identical fingers, each of which incorporates two kine-
matically coupled linkage mechanisms. The Chebyshev lambda linkage translates
the screw–nut mechanism’s linear motion to a rotary motion, with its output con-
nected to the four-bar linkage, which maintains the position of the low side of the
parallelogram where the finger interface exists. This allows the finger to maintain
its orientation throughout its motion range.

The Chebyshev lambda linkage is a four-bar mechanism that is usually em-
ployed to produce an accurate straight-line motion from rotation input, with
proper linkage proportions. However, in this case, is used to convert the linear
input motion from the lead screw to the rotational output. The schematic of the
Chebyshev lambda linkage with link lengths L1,L2,L3,L4 = 18, 19, 22.5, 22.5 mm
and length ratios of L1:L2:L3:L4 = 2:1:2.5:2.5.is shown in Figure 4.15.
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Figure 4.15: Chebyshev lambda linkage geometry

The length ratios of the Chebyshev lambda linkage are critical for the optimal
straight-line motion of point P, which is linearly driven by the actuator. The
position of output point A for a given crank angle θC is:

Ax = L2cos(θC) (4.3)
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Ay = L2sin(θC) (4.4)

For the operating range θC from 60° to 120°, point P maintains a nearly perfect
linear motion. The relationship between the coupler position P and angle θC is
given by:

Px = 2L2

1 +
cos (θC)

√
5− sin (θC)√

5 + 4 sin (θC)

 (4.5)

Py = 2L2


√

5− sin (θC)(2 + sin (θC))√
5 + 4 sin (θC)

 (4.6)

The motion of point P, driven by the lead screw, exhibits a travel range of
12–24 mm, while point P maintains a near-constant position at y = 36.02 mm
with a maximum deviation of only 0.0333 mm from the straight-line trajectory.
These results correspond to a linearity of 99.997%, confirming that the Chebyshev
linkage provides a near-perfect conversion of linear actuator input to consistent
horizontal displacement. This motion is essential to ensure consistent force trans-
mission from the actuator along the Chebyshev lambda linkage and subsequently
to the coupled linkage.

The second stage of the kinematic mechanism of the gripper employs a par-
allelogram four-bar linkage that receives rotational input from point A of the
Chebyshev linkage and drives the soft finger of the gripper. The link dimensions
of the four-bar mechanism are L5,L6,L7,L8 = 25, 80, 25, 80 mm and the schematic
is shown in the Figure 4.16. The parallel configuration with L5=L7 and L6=L8
and with parallelogram geometry, the output link angle ψ remains equal to the in-
put angle θP , ensuring that the output link maintains the same orientation as the
input link throughout the motion. The input angle to the four-bar linkage, θP ,
is derived from the output point A of the Chebyshev linkage using the following
relation:

θP = arctan(Ay

Ax

) (4.7)
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Figure 4.16: Four-bar linkage geometry

The output position B of the parallelogram mechanism is given by:

Bx = O4x + L8 cos(ψ)
By = O4y + L8 sin(ψ)

(4.8)

The velocity characteristics demonstrate the mechanical advantage of the sys-
tem. With a linear input velocity of VP at the lead screw, the angular velocity of
the Chebyshev crank is calculated as follows:

ωC = VP x

dPx/dθC

(4.9)

The velocity at point A is given by VA = L2ωC giving a value of 9.0 mm/s
for unit reference velocity. Ultimately, going through the parallelogram linkage
yields the velocity at point B, VB of 71.0 mm/s, and velocity ratio of VB/VP =
5.91, representing the system’s mechanical advantage. The integrated Chebyshev-
parallelogram results in a gripper mechanism that achieves highly predictable and
precise kinematic behavior with robust motion control and force transmission
performance.

Despite excellent overall kinematic performance, the four-bar parallelogram
mechanism suffers from a critical limitation: rigid link interference that constrains
secure grasping strategies. With the soft finger object interface side of approx-
imately 75 mm, the gripper can use finger grasp to contact objects of various
heights, but the rigid link L8 constrains the ability of the gripper to execute en-
veloping or multi-point grasps, especially for objects with complex or tall profiles.
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In particular, tall objects with a height greater than 50 mm can only be contacted
with the soft fingers, thus limiting the gripper to finger grasps. While such grasp
configurations are generally sufficient for lifting, they are prone to object tilting
or slippage and are generally less secure. As attempting secure enveloping grasps
often result in a collision between the object being grasped and the rigid link L8
of the four-bar parallelogram mechanism. Because of this limitation, complex-
shaped objects also pose difficulties while grasping because contact with the soft
finger is local due to the object’s irregular profile and the inability to utilize the
full finger length prevents distributed force application, reducing overall grasp
security. Such inability results in precarious grasps because such objects require
multi-point contact for stable grasps.

The link interference problem cannot be solved using dimensional optimization
because the parallelogram constraint requires specific link length ratios. The
rigid L8 link was converted into a segmented, articulated chain to resolve this
issue, introducing additional DOF that allow the mechanism to adapt to object
geometry while preserving kinematic performance in the unloaded state.

The enhanced kinematic chain of the finger with two subchains: the Cheby-
shev lambda linkage and a six-bar linkage with a parallelogram shape are shown
in Figure 4.17, with the link numbers identified.

1

2

3
4

1

2
3

4

Chebyshev Lambda Linkage

Six-Bar Linkage

Compliant Pad 5

6

Finger Interface

Figure 4.17: Enhanced linkage mechanism showing the two kinematic subchain
with integrated compliant TPU pad and finger mount interface

The enhancement divides the link L8 into three segments: segment c (40.0
mm, 50% of L8) is the base segment connected to O4, segment b (12.0 mm, 15%
of L8) is the coupling segment, and segment a (28.4 mm, 35% of L8) is the terminal
segment on the side where the self-adaptable finger is mounted as shown in the
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six-bar mechanism schematic in Figure 4.18. This segmentation introduces two
additional revolute joints that connect these segments, thus converting the four-
bar parallelogram into a six-bar linkage with controlled articulation capability
enabling passive adaptation to external contact.
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Figure 4.18: Six-bar linkage geometry

Figure 4.19 shows another view of the modified linkage. This modification
allows for a more intricate motion, which may also lead to irregular motion pat-
terns. To counter any irregularity and benefit from enhanced adaptability at
the inner side of the linkage, in the physical implementation a compliant TPU
pad (Flexfill TPU 98A) with one end mounted on link-4 of the six-bar and the
other mounted on link-6 of the six-bar linkage was installed. This placement of
the compliant pad constraints the movement of the three-bar link comprising of
link-4 (segment a of L8), link-5 (segment b of L8), and link-6 (segment c of L8)
of the six-bar linkage. Hence, there are two benefits of using the compliant pad.
The first is to minimize the movement of the revolute joints of the three-bar link,
allowing the six-bar mechanism to function like a four-bar mechanism during ac-
tuation. The second benefit is to aid in a more stable grasp, reduce wear and
tear, and the absorption of forces caused by the grasped object pushing the inner
side of the linkage. While the compliant pad is present in all experimental tests,
its deformation is not included in the kinematic analysis presented, which treats
the mechanism as a rigid-body system.
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4
56

Compliant Pad

Figure 4.19: Bottom view of the six-bar linkage mechanism illustrating the com-
pliant pad placement between links 4 and 6 for controlled articulation and inter-
ference prevention

The segmentation of the link L8 of the parallelogram mechanism introduces
three angular parameters ψ, the angle of segment c with respect to the horizontal
at O4; δ1, the relative angle between segments c and b; and δ2, the relative
angle between segments b and a. In the unloaded state, the behavior of the
parallelogram is preserved as δ1 = δ2 = 0 and ψ = θP . A forward kinematic chain
is constructed starting from point O4 to determine the position of point B of the
six-bar. The joint between segments c and b is positioned at:

xcb = O4x + c. cos(ψ)
ycb = O4y + c. sin(ψ)

(4.10)

From this point, between segments b and a can be located as:

xba = xcb + b. cos(ψ + δ1)
yba = ycb + b. sin(ψ + δ1)

(4.11)

Finally, the position point B is found using:

Bx = xba + a. cos(ψ + δ1 + δ2)
By = yba + a. sin(ψ + δ1 + δ2)

(4.12)

These equations provide the output configuration in terms of joint angles and
segment lengths; however, the loop closure constraint must be satisfied. The
position of point B calculated by solving the linkage chain must be equal to that
of point B calculated through the segmented path.

O2 + L6(cos θP , sin θP ) + L7(1, 0) = O4 + path to B (4.13)
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The path to B is the method used to obtain point B using 4.12. This loop
closure constraint gives two equations (in x and y) for three unknowns ψ, δ1
and δ2. The system behavior depends on the loading condition in the unloaded
state δ1 = δ2 = 0 and ψ = θP . In the loaded state, δ1 and δ2 are nonzero and
are determined through contact-driven interaction and ψ adjusts to maintain the
closure constraint.

A key feature of the six-bar mechanism is its passive self-adaptive behavior
during object interaction. When the inner segments of the linkage contact an
object during grasping, the articulation angles δ1 and δ2 are passively induced.
Consequently, the angle ψ deviates from the input angle θP , causing the entire
finger to reorient. This contact-driven articulation enables the gripper to achieve
enveloping grasps through mechanical compliance. In the unloaded state, the en-
hanced mechanism preserves the original four-bar kinematic performance while
preserving path linearity, the velocity ratio range, and repeatability summarized
in Table 4.3. This validation demonstrates that the segmentation enhancement
adds adaptive capability without compromising the original design’s proven kine-
matic characteristics.

Table 4.3: Comparison of kinematic parameters between four-bar and six-bar
mechanisms in unloaded configuration

Parameter Four-bar Six-bar
(Unloaded) Deviation

Path linearity at P 99.997% 99.997% < 0.001%

Velocity ratio
(VB/VP ) 5.91-6.31:1 5.91-6.31:1 0%

Mechanical
advantage Mean: 6.06:1 Mean: 6.06:1 0%

Angular relation ψ=θP ψ=θP 0◦

Repeatability ±0.05 mm ±0.05 mm -

Figure 4.20 shows that the velocity profile of the original four-bar mechanism
is completely preserved in the unloaded state of the six-bar design. Point B main-
tains a characteristic velocity variation from 71 to 76 mm/s across the operating
range, whereas Point P exhibits a nearly constant velocity of approximately 12
mm/s. The mechanical advantage varied from 5.91 to 6.31:1, with a mean of
6.06:1. Therefore, the additional revolute joints do not degrade the transmission
properties of the original mechanism.
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Figure 4.20: Velocity profiles showing complete preservation of the varying ve-
locities throughout the operating range

A right-handed 2D coordinate system was used, with counterclockwise (CCW)
rotations considered as positive. Object contact induces clockwise rotation of the
segmented links during object interaction while grasping, resulting in negative
articulation angles (δ1, δ2 < 0). The link angle ψ compensates by increasing from
its nominal value θP (∆ψ > 0) to maintain loop closure.

Figure 4.21 shows the progressive articulation of the six-bar mechanism from
unloaded (rigid) to maximum articulation. The segmented link demonstrates
controlled inward bending with δ1 = -22◦ and δ2 = -15◦ at maximum, while
maintaining kinematic loop closure through base link adjustment ∆ψ = 16.3◦.
The positive ∆ψ compensates for the inward shortening of the segmented side
link and enables the mechanism to wrap around the object.
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Figure 4.21: Progressive articulation of the six-bar mechanism. The compen-
satory ψ deviation maintains the kinematic loop closure while enabling adaptive
grasping

Table 4.4 summarizes the kinematic configurations and the measured param-
eters across the operating range. As the articulation increases from the baseline
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Table 4.4: Kinematic configurations and performance metrics of the six-bar mech-
anism across the operating range

Configuration δ1 (◦) δ2 (◦) ∆ψ (◦) Total (◦) MA Range Eff (%)

Baseline 0 0 0.0 0.0 5.91–6.31 100.0

Small −5 −3 3.6 −4.4 5.85–6.23 99.6

Moderate −12 −8 8.8 −11.2 5.75–6.11 97.9

Large −18 −12 13.3 −16.7 5.67–6.01 96.4

Maximum −22 −15 16.3 −20.7 5.61–5.94 95.3

δ1, δ2: Articulation angles (negative = inward bending); ∆ψ: Base link deviation from θP

Total: δ1 + δ2 + ∆ψ; MA: Mechanical advantage; Eff: Force transmission efficiency

to the maximum configuration, the mechanical advantage decreases slightly from
5.91–6.31:1 to 5.61–5.94:1. The force transmission efficiency remains above 95%,
even at maximum articulation the mechanism maintains 95.3% efficiency. The
analysis confirms that the six-bar enhancement successfully addresses the link
interference limitation while preserving the original mechanism’s key kinematic
properties. Negative articulation behavior with positive compensation represents
a mechanically intelligent solution that exploits the additional DOF to achieve
adaptive envelope grasping.

4.6 Gripper Design - Enhanced
The gripper design with the redesigned finger and linkage mechanism with a
compliant pad is presented in Figure 4.22. These enhancements were made while
keeping track of the added weight to the gripper with the target of not exceeding
3 kg.

The modifications to the finger design with its straighter profile, compared
to the inward-tilted geometry of the original, expanded the maximum grasping
diameter in the default orientation from 219 mm in the original design to 270 mm,
significantly broadening the range of industrial components that can be handled.

The self-adaptable finger interface allows fingers to be easily mounted and
interchanged, allowing them to be substituted or swapped with a finger having a
different geometry or stiffness profile. Thus, making the gripper a more versatile
platform for diverse industrial applications.
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Self-Adaptable Finger

Compliant Pad

Adaptable linkage

Figure 4.22: Enhanced universal gripper featuring redesigned self-adaptable fin-
gers, six-bar linkage mechanisms with compliant pads, and retained modular
architecture for industrial applications

4.7 Experimental Results and Discussion
To thoroughly assess the performance of the universal gripper, pull-out, and
grasp tests were conducted. The objective of the experiments was to evaluate
the holding capabilities of the universal gripper while grasping a range of objects
and materials. The suitability of the gripper was evaluated for various industrial
applications with a primary focus on automotive industrial parts.

4.7.1 Pull-Out Testing with Universal Testing Machine
The Universal Gripper was mounted to the UTM to perform tensile tests and
collect force-displacement data for evaluation. First, a 3D printed stub shape
object of 40x25x35mm was tested with the gripper configured to grip parallelly
using two fingers Figure 4.23. The force-displacement curve for the same is shown
in Figure 4.24.

The force-displacement profile exhibits variability due to intermittent slip-
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pages and readjustments brought about by the finger’s adaptability combined
with the frictional and stepped features providing a dynamic element to the inter-
action. Three friction teeth slippages are observed under 8 mm with a maximum
load of 80 N afterward the object reaches the step at the tip of the fingers. From
this point, a smooth response with increasing load is observed until the force
reaches 145 N. Subsequently, the friction teeth within the tip of the fingers start
to slip and after 16 mm of displacement, the object starts to slip from the grip.

Figure 4.23: Stub shape pull-out test with two fingers parallel grasp
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Figure 4.24: Representative Force-Displacement curve of two-fingers parallel
grasp
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Further, a 3D printed cube of 40 mm was used to test the three-finger grasp as
shown in Figure 4.25. The corresponding result revealed a multifaceted mechani-
cal behavior as shown in Figure 4.26. Slippages of the friction teeth are observed
following force undershoot, but the force increases after the self-adaptable fin-
ger readapts to a maximum force of approximately 176 N. Variations in force
occur when the gripper’s teeth lose traction due to slippage across the cube’s
surface. After 15 mm displacement, the object starts to slip and consequently, a
decremented force of about 20 N is observed.

Figure 4.25: Pull-out test using 3D printed cube with three-finger grasp
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Figure 4.26: Representative Force-Displacement curve of three-finger cube grasp
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The pull-out test on a 3D printed complex automotive object was performed
as shown in Figure 4.27 and the resulting force-displacement graph is visible in
Figure 4.28. At the initial contact, there is a significant increase in force, signi-
fying secure engagement of the gripper with the object. Subsequently, the force
starts to increase gradually until a notable drop is seen at 3.8 mm of displacement.
At this stage, the fingers adapt to the geometry of the object, and accordingly,
a considerable increase in force is observed, reaching a force of 156 N at a dis-
placement of 9 mm, followed by force fluctuations due to fingers readjusting to
the complex shape of the object. After a displacement of 11.7 mm, a substantial
increase in force was observed, reaching a peak of 200 N at 15.8 mm of displace-
ment. Although intermittent force fluctuations were observed, the upward trend
in force signifies a firm grasp of the complex-shaped object.

Figure 4.27: Pull-out test using 3D printed complex automotive part with three-
finger grasp
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Figure 4.28: Representative Force-Displacement curve of complex automotive
part pull-out test

Further, a tensile test with a car window switch panel was performed as
shown in Figure 4.29 with the force-displacement response presented in Figure
4.30. Initially, a force of 38.8 N at 1.37 mm of displacement, implying a secure
engagement, is seen. Afterward, a substantial increase in force to 100 N at 6.4
mm displacement, indicating a secure hold, is observed. This peak is followed by
a drop to 13.9 N at 9.8 mm of displacement as the gripper readjusts. Later, a
force of 130 N is reached at 14.5 mm of displacement, followed by force variations
as the gripper adapts to the complex shape of the panel. A maximum momentary
force peak of 173 N is observed at 33.5 mm of displacement as the object is held
by the fingertip step. Subsequently, a decreasing force trend is observed as the
object eventually slips out. Although the panel had intricate features and was
very slippery, the compliant elbow pad along with the six-bar mechanism allowed
for a more secure and encompassing hold. While the fluctuations represent the
dynamic adaptability of the gripper in response to the changing features of the
switch panel, the observed peaks at different stages demonstrate the gripper’s
resilience.
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Figure 4.29: Pull-out test of car window switch panel with three-finger grasp
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Figure 4.30: Force-displacement curve of pull-out test of car window switch panel

Finally, a tensile test of a clutch plate with a diameter of 195 mm was per-
formed. An increasing force trend was observed from the start, indicating secure
engagement of the gripper with the plate. The consistent force trend indicates
that the fingers conformed to the shape of the plate edges, thereby ensuring a
stable grasp. A maximum peak force of 287 N at 9.6 mm of displacement. After
this point, the object starts to slip, and subsequent forces of 109 N at 9.77 mm
and 144.3 N at 10.7 mm of displacement represent gripper finger adjustment.
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Furthermore, at 13 mm of displacement, an increased force with a peak force of
174 N is observed. However, at 13.5 mm of displacement, breakout occurs.

Extensive pull-out tests on various components have provided valuable in-
sights regarding gripper performance. The force–displacement graphs illustrate
the gripper’s adaptability and dynamic reaction when grasping materials of differ-
ent levels of complexity, whereas the force peaks underscore the grasping capacity.

Figure 4.31: Pull-out test of car clutch plate with three-finger grasp
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Figure 4.32: Force-displacement curve of pull-out test of car clutch plate
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4.7.2 Grasping Assessment with a Universal Gripper Mounted
on a Comau Robot

To further evaluate the gripper performance in a realistic object handling scenario,
comprehensive grasping experiments were performed with the gripper mounted
on a six-axis Comau NS-16 industrial robot. The NS-16 is widely deployed in
automotive manufacturing for assembly, material handling, and quality inspection
tasks, making it an ideal platform for evaluating the gripper. The experimental
setup used for the gripper grasping assessment is shown in Figure 3.26.

Figure 4.33: Experimental setup with gripper integrated with a 6DOF Comau
Industrial Robot

The sequence of the test was such that the robot approached the object placed
in a defined position on a table, the gripper securely grasped the object, the robot
lifted the object, and the object was held static in air for 20 s. Finally, the object
was placed at its original location and the object was released by the gripper.
To obtain reliable conclusions, the experiment was iterated five times for each
component.

A diverse set of automotive parts and some everyday objects were selected to
test the versatility of the gripper across varying geometries, weights, stiffness, and
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Table 4.5: Grasp validation with various objects with the enhanced gripper
mounted on Comau 6DOF robot

Object Weight (g) Dimensions (mm) Grasp type

Melon 2125 147 (D), 163 (H) Enveloping
Car Fan Blower 1633 180 (D), 140 (H) Enveloping

Helical Gear 1065 57 (D), 164 (H) Enveloping
Power Supply Box 1400 163×162×85 Enveloping

Car Tail Light 1550 complex geometry Enveloping
Connecting Rod 7500 complex geometry Enveloping

Car Power Module 260 160×138×35 Fingertip
Cup 247 87 (D), 100 (H) Fingertip

Clutch Plate 3315 216 (D), 40 (H) Fingertip
Intake Manifold 2230 complex geometry Fingertip

Piston 6500 147 (D), 156 (H) Fingertip
Disk Brake 5000 265 (D) Fingertip

surface properties. Table 4.5 lists the 12 objects used for grasp validation ranging
from 247 g to 7500 g along with their dimensions and the achieved grasp type.
These objects can be categorized as cylindrical objects (melon, car fan blower,
helical gear, cup, clutch pressure plate, piston, and disk brake), prismatic/box-
shaped components (power supply box, and car power module), and complex
geometry parts (connecting rod, intake manifold, and car tail light).
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FIGURE 37: Experimental setup with gripper integrated with
a 6DOF Comau Industrial Robot

The compliant fingers of the universal gripper can hold
these objects securely holding them gently and adapting to
their shapes. It is evident that the gripper can grip automotive
parts of varying shapes and sizes. As the gripper is easily
reconfigurable appropriate grasp mode can be configured
to hold the objects as shown in Fig (b)(c) the gripper was
configured in three-finger parallel envelope mode to grasp
the complex-shaped connecting rod weighing Kg. A position
weighing Kg was successfully grasped in the default gripper
orientation. Themaximum grasping diameter of the enhanced
gripper was increased from 219 mm to 270 mm the same is
demonstrated with the grasp of a disk brake having a diameter
of 265 mm and weighing Kg.

VIII. CONCLUSION AND FUTURE WORK
Grippers are one of the most vital tools utilized in an Indus-
trial

The main subsystems of the gripper that have been en-
hanced during the redesign are the self-adaptable finger de-
sign and the inward finger link of the six-bar mechanism with
an elastic pad mounted on top to incorporate compliance.

The compliant pad constrains the finger’s inward kinematic
chain and essentially allows the six-bar linkage to behave as a
four-bar mechanism and enables local shape mating between
gripper and object.

As demonstrated in the results this part of the gripper has a
determinant effect on the interaction between the gripper and
object being grasped.

The combination of these enhancements allows for a stable

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

FIGURE 38: Grasping assessment with gripper grasping var-
ious objects: (a) Car fan blower, (b) Orange, (c) Clutch pres-
sure plate, (d) Car Power control unit, (e) Bearing, (f) Power
supply box, (g) Car tail light,(h) Pneumatic cylinder and (i)
Suspension upper arm

encompassing grip of the object.
adds to the universality
ultimately leading to improved productivity and cost-

effectiveness.
It is noteworthy that the compliant fingers of the gripper

were not equipped with sensors. This deliberate design choice
was made to streamline the experimental setup and focus on
the primary objective of evaluating the gripper’s gripping ca-
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Figure 4.34: Grasping assessment with gripper grasping various objects: (a)
Melon, (b) Car fan blower, (c) Helical gear, (d) Power supply box, (e) Car tail
light , (f) Connecting rod, (g) Car power module ,(h) Cup (i) Clutch plate, (j)
Intake manifold, (k) Piston and (l) Disk brake

Figure 4.34 shows the gripper handling a diverse set of objects. All grasp tests
were successful without failure. The enhanced gripper exhibited two grasping
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strategies suited to the object’s characteristics. Enveloping grasps were success-
fully executed for the melon, car fan blower, helical gear, power supply box, car
tail light, and connecting rod. The enhanced six-bar mechanism enabled envelop-
ing grasps for larger cylindrical objects, such as a car fan blower with a weight of
1633 g and a diameter of 180 mm and a helical gear weighing 1065 g. The com-
pliant pad effectively distributed the contact forces while the articulated linkage
segments conformed to the object contours, preventing the rigid link interference
issue observed in the original four-bar linkage design. This was also particularly
evident when grasping the heaviest object tested, i.e., the 7500 g connecting rod
with its complex irregular geometry, the segmented linkage with angles δ1 and
δ2 adapting to wrap around the component’s varying cross-sections. For objects
requiring precision grasps, such as the car power module and cup, the redesigned
self-adaptable fingers with friction patterns provided stable fingertip grasps. The
fingertip design proved particularly effective for the disk brake weighing 5000 g
and having a diameter of 265 mm, demonstrating the gripper’s expanded grasping
range from the original maximum diameter of 219 mm to 270 mm.

The melon and power supply box demonstrate the gentle yet secure grasping
of delicate items, while the connecting rod, intake manifold, and piston show-
case the gripper’s capability with rigid, heavy, and irregularly shaped automotive
components. The reconfigurability of the gripper was advantageous for optimiz-
ing grasp strategies. For example, for the complex geometry of the connecting
rod, the three-finger parallel envelope mode shown in Figure 4.34(f) provided su-
perior stability compared to the default 120-degree configuration. Similarly, the
piston required the standard configuration for optimal force distribution around
its circular profile, as shown in Figure 4.34(k).

Performance metrics across all tested objects revealed consistent grasp success
with no failures during manipulation tasks. The enhanced deflection coefficient
of the fingers translated to superior object wrapping, while the increased normal
forces from the redesigned finger structure ensured reliable grasps even during
dynamic robot movements. The dual function of the compliant pad, which con-
strains unwanted articulation during normal operation while enabling adaptive
compliance during object contact, allowed the maintenance of grasp stability
across the entire object spectrum.

The experimental validation demonstrated significant performance improve-
ments over the original gripper design. The enhanced gripper achieved reliable
manipulation of objects up to 7.5 kg, a 150% increase from the previous 3 kg
limit with a 100% success rate across all grasping trials. Pull-out tests revealed
peak retention forces reaching 287 N, compared to the previous maximum of
77 N, representing a substantial improvement in load capacity. The redesigned
self-adaptable fingers with a deflection coefficient of 0.1 provided superior ob-
ject conformity, while the rigid link interference that previously limited grasp
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strategies was eliminated by the six-bar linkage mechanism with compliant pad.
With a safety factor of 2.0, the enhanced gripper can reliably handle continuous
operations with payloads up to 3.75 kg and maximum loads of 7.5 kg for con-
trolled low-speed handling operations for industrial deployment. This expanded
operational envelope encompasses the full range of typical automotive powertrain
components, from lightweight sensors (247 g) to heavy connecting rods (7500 g),
validating the gripper’s universality for its intended industrial applications.

4.8 Chapter Summary
This chapter detailed the enhancement of the universal gripper. The redesigned
self-adaptable fingers achieved a 74% improvement in wrapping capability (de-
flection coefficient 0.1 versus 0.39) while increasing load capacity to 287 N, rep-
resenting a 273% improvement. The transformation from four-bar to six-bar
linkage with integrated compliant pad eliminated rigid link interference, enabling
articulation angles up to δ1 = -22° and δ2 = -15° while maintaining 95.3 force
transmission efficiency. These enhancements expanded the operational envelope
from 3 to 7.5 kg maximum payload and increased the grasping diameter by 23% to
270 mm. Comprehensive validation across 60 trials with objects ranging from 247
g to 7500 g evidenced 100% reliability. These enhancements lay the foundation
for integrating advanced sensorization, presented in the subsequent chapter.

101



Chapter 5

Camera-Embedded Multi-Modal
Sensorization of Self-Adaptable
Fingers

5.1 Introduction
Industrial manipulation requires both adaptability to diverse object geometries
and precise feedback for robust control. While soft and compliant fingers provide
the adaptability necessary for handling irregular or fragile items, their integration
into industrial systems has been constrained by a lack of reliable sensorization.
Conventional rigid sensors compromise compliance, and external cameras suffer
from occlusion and alignment issues in cluttered environments.

This chapter presents the design, development, and validation of a camera-
embedded self-Adaptable finger with multi-modal sensing capabilities
for robotic manipulation. The approach achieves simultaneous proprioceptive
and exteroceptive sensing in a compact architecture while preserving mechanical
compliance. This represents the primary innovation of the thesis, enabling intel-
ligent manipulation without the compromises of traditional sensorization strate-
gies.

5.2 Sensing Methodology
This vision-based sensing approach for Fin Ray-inspired soft robotic finger is ca-
pable of proprioceptive (Z-displacement) and exteroceptive (force estimation, slip
detection, position estimation) sensing using a single embedded camera, Figure
5.1 shows the architectural flow from hardware development to real-time im-
plementation. The multi-modal sensing solution overcomes the proprioceptive
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and exteroceptive deformation disentanglement challenges inherent in elastomer-
based sensors like GelSight. By integrating the camera into the structure of
the self-adaptable finger and observing an embedded marker pattern, this ap-
proach neither influences the finger’s structural properties nor alters its inter-
action with objects by eliminating the need for additional sensing layers that
alter the structure’s mechanical behavior. Furthermore, compared to external
camera placement in the neuromorphic vision-based approach, the proposed sys-
tem achieves structural deformation sensing by tracking the internal dot pattern,
thereby avoiding possible occlusions that may occur during grasping.

The system is capable of accurate force estimation, Z-displacement measure-
ment, and slip detection in a compact, adaptable gripping system. The design
integrates a Pi module V3 image sensor within the framework of a soft finger.
This camera, interfaced with a Raspberry Pi 5, captures images of a custom-
designed dot pattern on the inner surface of the finger, which serves as the basis
for the sensing ability. A CNN estimates the interaction forces and internal de-
formation (Z-displacement) and classifies the region of force application on the
finger. Concurrently, an optical flow-based tracking algorithm was used to track
the dot pattern embedded in the self-adaptable finger to detect object slip events.
Custom test rigs were developed that work in conjunction with a UTM. The UTM
enables precise control of the compressive and tensile forces as well as accurate
force and displacement values, allowing creation of a reliable and comprehensive
dataset and optimize the algorithm for detecting slip events. In addition, im-
age processing and machine learning algorithms were deployed on an embedded
Raspberry Pi, resulting in a modular and deployable sensing solution for various
applications. The system was validated under operative conditions by integrat-
ing the sensorized self-adaptable finger into a hybrid industrial gripper. More-
over, this approach to force estimation, which utilizes the internal imaging of the
self-adaptable finger deformation with corresponding force measurements from a
UTM, allows direct mapping between the finger’s internal structural changes and
externally applied forces, thus providing a simpler approach compared to Gel-
Sight’s indirect inference from the deformation of a silicon layer on the sensor’s
surface.
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Figure 5.1: Methodology: Development and Integration for Vision Sensing

5.3 Self-Adaptable Finger Morphology, Materi-
als, and Camera Integration

5.3.1 Finger Morphology
The finger morphology used in this study serves as an exemplary implementation
for validating our sensorization methodology. The selected structure offers suffi-
cient compliance and contact adaptation to evaluate our sensing approach across
various object geometries. This validation shows the possible applicability of the
proposed method to different morphologies and materials for soft fingers, although
specific finger mechanical characteristics may vary with the design parameters.
The finger structure is designed to accommodate a camera stand, allowing a
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camera to be positioned for optimal coverage of a dot pattern, facilitating precise
feedback and sensing during object interaction, as shown in Fig. 5.2.

(a)

(b)

Figure 5.2: Finger morphology and camera integration: (a) Camera mount with
102° FOV covering the dot pattern, (b) Visible pattern with camera FOV with
circular 3.3 mm diameter dots spaced 5.5 mm from their center points

5.3.2 Finger Materials
The gripper fingers were manufactured using 3D printing, with Thermoplastic
Polyurethane (TPU) 93A material for the finger (white), Polylactic Acid (PLA)
for the circular dot pattern (black) and Acrylonitrile Butadiene Styrene (ABS)
for the camera stand (orange). The inward surface features a circular vector
pattern of 3.3 mm diameter dots spaced 5.5 mm center-to-center, which serves
as a visual reference for proprioceptive and exteroceptive sensing. The pattern
scale was empirically found to ensure reliable feature detection across the finger’s
operating range. PLA was chosen for the dots to ensure better printability and
precision, as it maintains its dimensions even during finger deformation. The dot
pattern plays a crucial role in providing sensory feedback.
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5.3.3 FOV
The camera mount location and orientation were verified using FEA to maxi-
mize the camera’s Field of View (FOV) while ensuring structural integrity. The
embedded camera provides a 102° FOV and was mounted such that the entire
internal dot pattern was visible, enabling tracking of pattern movements as shown
in Fig. 5.2.

5.3.4 Camera Integration
The vision-based system uses a Raspberry Pi Camera Module V3 Wide, having
a 12-megapixel Sony IMX708 CMOS sensor with a CSI interface connected to a
Raspberry Pi 5. We used a Sony sensor extension cable [40], shown in Fig. 5.3,
allowing the sensor to be separated from the camera PCB and further reducing
the form factor for easier and compact integration. Moreover, this reduction in
the sensor form factor allows the finger design to be scaled down if required,
with careful consideration of the sensor focal length and FOV to ensure adequate
visibility of the dot pattern.

Figure 5.3: Sensor extension cable for camera module V3

The versatility of the vision-based sensing solution is shown by implementation
across different soft finger designs with object interface lengths ranging from
65mm to 86mm and distinct curvature profiles, as illustrated in Fig. 5.4. The
mounting solution requires only angular adjustment of the sensor mount to ensure
a full view of the dot pattern, allowing the ability to transfer the sensing system
across various finger designs without the need for significant modifications or
redesigns. This enables rapid deployment across diverse object handling scenarios
for industrial applications, where different manipulation tasks require customized
soft finger designs.
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(a) (b) (c)

Figure 5.4: Camera integration across a range of soft finger morphologies: (a)
Triangular design, (b) Rigid outward curve with soft interface design, (c) Elon-
gated soft finger design

5.4 Validation of Camera Support
The camera support was designed to provide mechanical stability and stable
image acquisition. The mount also features an integrated anchor that partially
extends into the finger structure to enhance the position stability. To verify
that the camera stand does not interfere with the free deformation of the finger
and ensures stable dot pattern visibility, the design was validated through FEM
analysis.

The analysis was conducted using ANSYS Workbench, starting from the ex-
perimental tensile values. The mechanical properties of the TPU used for the
finger structure were assessed using the Zwick Roell Z010 testing machine. The
thermoplastic rubber material was tested in accordance with ASTM D412 stan-
dards, which outline the procedures for evaluating the tensile properties of both
vulcanized thermoset rubber and thermoplastic elastomers. A total of five tensile
tests at 5 mm/min were conducted. The experimental values were used as input
for the ANSYS curve fitting tool to estimate the hyperelastic material law pa-
rameters. To describe the material behavior, a 5-parameter Mooney-Rivlin model
Bergström (2015) was selected. The constant values are reported in Table 5.1.

Table 5.1: Material constants for five-parameter Mooney–Rivlin model

Parameter
(units)

C10
(MPa)

C01
(MPa)

C11
(MPa)

C20
(MPa)

C02
(MPa)

d
(-)

Values -13,35 21,97 0,15 -0,01 3,52 0,00

The obtained material parameter was validated in ANSYS using a 3D, 10-node
tetrahedral structural solid element and a mesh size of 1 mm. The simulation
results of the tensile test on the dogbone were compared with the experimen-
tal results in order to validate the characterization of the material. The force-
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displacement results of the experimental and simulated tests are shown in Fig.
5.5.

Figure 5.5: Tensile test Result, representative curve

The model of the finger test was developed including the CREO geometry
using a 3D, 10-node tetrahedral structural solid element with a mesh size of 1.5
mm. The finger design contains two fixing holes (A) and (B); to constrain the
soft finger, it is subjected to fixed constraints. For Camera support, additional
constraints were applied to the virtual representation (C), as shown in Fig. 5.6

Figure 5.6: Finger constraint point and dimensions in mm
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A force of 15 N was applied during the test at four specific points, as shown
in Fig. 5.15. The application area was modeled as a 4 mm length, positioned at
the middle of each point, to represent the contact area of the object used in the
actual test.

The results of the FEA analysis show the deformation depicted in Fig. 5.7. A
comparison between the deformation obtained from the experimental test and the
virtual simulation under a 15 N load is presented in Table 5.2. The comparison
demonstrates a reproduction of the movements, with errors below 5 percent,
confirming the model’s validity. During the test, there is no movement at the
camera stand fixing point (blue color), and the deformation at the maximum
payload force does not affect the camera area.

(a)

(b)

(c)

(d)

Figure 5.7: FEA 15 N applied force: a) Point 1; b) Point 2; c) Point 3; d) Point
4 - Deformation in mm on the left
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Table 5.2: Displacement at a force of 15 N, comparison between experimental
and simulation tests

Point Displacement [mm]
- FEA Experimental Error

P1 10.77 11.05 3
P2 16,88 16,33 5
P3 18,36 17,62 5
P4 11,22 11,24 0

5.5 Slip Detection
The development of slip-event detection systems for soft fingers is challenging
because of their compliance and complex deformations. We address this issue with
a scheme that incorporates optical flow tracking of a dot pattern integrated on
the internal wall of the finger, statistical analysis of the tracking, and parameter
optimization with a custom-designed experimental setup.

5.5.1 Slip Detection Algorithm
The slip detection algorithm presents a novel combination of internal vision sens-
ing and robust statistical analysis with several innovations in the processing
pipeline. The slip detection approach includes two main phases: a preprocess-
ing phase to isolate the dot pattern within a Region Of Interest (ROI) using
thresholding and morphological operations that provide feature points for track-
ing. The second phase is the core slip detection phase using Lucas-Kanade Baker
& Matthews (2004) optical flow tracking combined with both Median Absolute
Deviation (MAD) Avendaño et al. (2024) and standard deviation-based statisti-
cal analysis. The dual threshold approach minimizes the effects of outliers and
sudden displacement fluctuations considering the varying levels of compliance
and flexibility of the self-adaptable finger. Temporal validation is used to fur-
ther enhance this, distinguishing genuine slip events from noise. Furthermore, we
implemented a tracking loss compensation mechanism to maintain feature point
consistency by reinitialization. The image processing and analysis pipeline allows
accurate feature tracking and slip detection on Raspberry Pi 5.
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5.5.1.1 Preprocessing Phase

The primary objectives of the preprocessing phase are to segment and identify the
dotted pattern within the soft finger as shown in Algorithm 5.1. This ensures that
feature points are consistently detected for tracking, irrespective of variations in
lighting or interactions with objects.

1. Region of Interest (ROI) Initialization): To realize consistent feature
tracking throughout, a fixed ROI containing the internal dot pattern is
initialized, and detected features are tracked in consecutive frames.

2. Frame Conversion and Mask Generation: During preprocessing phase,
the input frames are first converted to HSV color space, and then a binary
mask is generated using thresholds identified by trial and error. These
thresholds were fine-tuned to effectively isolate the black dotted pattern
under different lighting conditions. The mask is then refined through mor-
phological transformations through erosion and dilation to remove noise and
for clear object separation, thus enhancing distinction and feature clarity.

3. Contour Detection and Feature Extraction: Contour detection is per-
formed within the ROI using area-based filtering to identify relevant shapes.
Then, the centroids of the contours are identified using the image moments.
Then, the centroids of the contours are identified using the image moments.

5.5.1.2 Core Slip Detection Phase

To identify slip events, the primary slip detection phase observes finger deforma-
tion and tracks the identified features across different frames. It relies on sta-
tistical measures such as the Median Absolute Deviation (MAD) and standard
deviation, complementing these with motion tracking through the Lucas-Kanade
optical flow to enhance detection accuracy as shown in Algorithm 5.2.

The mathematical formulation for the second phase is detailed below.

1. Feature Tracking with Lucas–Kanade Optical Flow:
The motion of feature points between successive frames is tracked using the
pyramidal Lucas–Kanade (LK) method.The displacement vectors are calcu-
lated by estimating the displacement of each tracked feature by calculating
the difference in the position of points between two consecutive frames. The
magnitude of each displacement vector is determined using the Euclidean
norm, which represents the distance a tracked point has moved between
frames as a scalar. Using these individual displacement magnitudes, the
mean magnitude is calculated.
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For each feature point i, the displacement vector is defined as:

di = x t+1
i − x t

i

where x t
i = (xt

i, y
t
i) and x t+1

i = (xt+1
i , yt+1

i ) denote the feature coordinates
at frames t and t+1, respectively. The displacement magnitude is computed
using the Euclidean norm:

∥di∥ =
√

(xt+1
i − xt

i)2 + (yt+1
i − yt

i)2

A window size of 200x200 was selected for sufficient pattern coverage after
testing various window sizes from 50×50 to 400×400 pixels. The pyramid
level was set to 10, and the termination of the iterative search was set to an
accuracy level of 0.03 or 20 iterations, established after analyzing tracking
stability and feature point consistency across rapid slip events. A tracking
loss approach was applied with a threshold value of 0.5 after evaluating
the feature reinitialization requirement in different scenarios to provide a
balance between stable tracking and computational load. The tracking
loss is checked after each iteration of the optical flow, and the number
of successfully tracked points in the current frame is compared to the total
number of tracked points in the previous frame. If the ratio of tracked points
falls below 50% it is considered a tracking loss condition, which indicates
a tracking degradation scenario, and a feature reinitialization process is
triggered. This adaptive tacking loss monitoring strategy ensures more
robust tracking.

2. Displacement Magnitude and Sliding Window Analysis:
The average displacement magnitude across N valid feature points is given
by:

Moverall = 1
N

N∑
i=1
∥di∥

To mitigate frame-to-frame variability, a fixed-length buffer of 20 frames is
used as a sliding window for statistical analysis.

3. Dual-Threshold Scheme:
To ensure robust slip detection against noise and transient spikes, a dual-
threshold scheme is adopted:

• Standard Deviation Threshold:

Tstd = µB + τs · σB

where µB and σB denote the mean and standard deviation of the buffer,
and τs = 1.5 is a sensitivity factor.
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• Median Absolute Deviation (MAD) Threshold:

Tmad = m̃+ 2 ·MADB

where m̃ is the median of buffer values and MADB is the median
absolute deviation.

The final adaptive threshold is defined as:

Tcombined = max(Tstd, Tmad, Tmin)

where Tmin = 0.01 provides a lower bound to maintain baseline sensitivity.

4. Temporal Constraints for Event Validation:
To avoid false positives, slip detection is constrained by duration:

• A valid slip must persist for at least δmin = 0.1 s.
• Events exceeding δmax = 1.0 s are segmented as distinct slips.

Thus, slip is flagged if:

Slip detected if Moverall > Tcombined and δmin ≤ t ≤ δmax.

Algorithm 5.1 Slip Detection – Part 1: Preprocessing and Feature Initialization
Require:
1: Ft: Current frame at time t
2: R: Fixed Region of Interest for dot pattern tracking
3: function InitializeTracking(F0)
4: FROI ← CropToROI(F0, R)
5: FHSV ← ConvertToHSV(FROI)
6: M ← BinaryMask(FHSV ,HSVthresholds)
7: M ′ ← Morphology(M)
8: C ← FilterContours(M ′, [800, 12000])
9: P0 ← CalculateCentroids(C)

10: return P0 ▷ Initial tracking points
11: end function
12: function PreprocessFrame(Ft)
13: FROI ← CropToROI(Ft, R)
14: FHSV ← ConvertToHSV(FROI)
15: M ← BinaryMask(FHSV ,HSVthresholds)
16: M ′ ← Morphology(M)
17: C ← FilterContours(M ′, [800, 12000])
18: return CalculateCentroids(C)
19: end function

End of Part 1. → Proceed to Algorithm 5.2 for core slip detection.
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Algorithm 5.2 Slip Detection – Part 2: Optical Flow and Dual-Threshold Eval-
uation
Require:
1: Ft: Current frame at time t
2: Pt−1: Previous feature points
3: ω: Sliding window size
4: τs: Slip sensitivity factor
5: δmin, δmax: Min/max slip duration
6: τmin: Minimum allowable threshold
7: λ: Tracking loss threshold
8: function CalculateMAD(X)
9: x̃← Median(X)

10: MAD← Median(|X− x̃|)
11: return x̃,MAD
12: end function
13: function DetectSlip(Ft)
14: Gt ← ConvertToGrayscale(Ft)
15: GROI ← CropToROI(Gt, R)
16: Pt, status← OpticalFlowPyrLK(GROI,t−1, GROI,t, Pt−1)
17: if |Pt| < λ|Pt−1| then
18: Pt ← PreprocessFrame(Ft)
19: end if
20: ∆d← Pt − Pt−1
21: m← ∥∆d∥2 ▷ Displacement magnitudes
22: m̄← Mean(m)
23: B← UpdateBuffer(B, m̄, ω)
24: if |B| = ω then
25: µB ← Mean(B)
26: σB ← StdDev(B)
27: m̃,MADB ← CalculateMAD(B)
28: τstd ← µB + τsσB

29: τmad ← m̃+ 2MADB

30: τcombined ← max(τstd, τmad, τmin)
31: if m̄ > τcombined then
32: if tstart = null then
33: tstart ← t
34: else if t− tstart ≥ δmin then
35: return TRUE ▷ Slip detected
36: end if
37: else
38: if tstart ̸= null then
39: δt ← t− tstart

40: if δmin ≤ δt ≤ δmax then
41: tstart ← null
42: end if
43: end if
44: end if
45: end if
46: return FALSE
47: end function
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where:

• Ft is the input frame at time t

• R is the fixed Region of Interest containing the dot pattern

• Pt represents the feature points at time t within ROI

• ∆d is the displacement vector between consecutive frames

• m is the magnitude vector of displacements

• m̄ is the mean magnitude of displacement

• µB, σB are the mean and standard deviation of buffer

• τs is the slip detection threshold

• τmin is the minimum threshold for slip detection

• MAD represents the Median Absolute Deviation

• λ is the tracking loss threshold for feature reinitialization

5.5.2 Experimental Setup for Tensile Testing
A specialized pullout rig was developed to test the behavior of soft fingers under
load to optimize the slip detection parameters, as shown in Fig. 5.8. One of
the self-adaptable fingers was equipped with a Pi camera, and both fingers were
mounted on the rig with an interface block mounted on linear sliders. The de-
signed setup includes pneumatic cylinders (FESTO 1908253) secured via holders
on the guide rails, allowing controlled lateral movement of the linear sliders that
mount the self-adaptable fingers. Each cylinder is set to produce a force of 45 N
at a pressure of 5.73 bar. This limit was set based on an analysis of both system
constraints and operational requirements. The 45N threshold was derived based
on the nominal pressure limitations of the cylinders (6 bar) used in the experi-
mental setup and the typical manipulation forces used in an industrial scenario
for objects in the size range of 25-37 mm. The pullout mechanism incorporates
a Universal Testing Machine (UTM) that continuously applies a controlled force
in the vertical position as it pulls the object against the gripping force of the
two fingers. This setup allowed tuning the algorithm parameters like the slip de-
tection threshold, to adjust the sensitivity of actual slips while minimizing false
positives. The optimization was performed by correlating the actual slip events
(verified by UTM measurements and self-observation) with the slips detected by
our algorithm in experiments with different object shapes and sizes.
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Figure 5.8: Tensile Testing Rig Setup - mounted on the UTM to measure the
pull-out forces and slip events

5.5.3 Slip Detection Experiments and Results
The slip detection algorithm performance was tested using a customized rig in-
tegrated with the UTM. We performed pullout tests with four distinct objects:

• Two circular objects with diameters of 25 mm and 37 mm

• Two square objects with diagonals of 33.3 mm and 53 mm

Throughout the testing phase, key algorithmic parameters such as the tracking
loss threshold, slip threshold, and temporal constraints were finely tuned. The slip
threshold was meticulously defined to distinguish real slip events from typical item
movement. Temporal constraints filtered out short-term deformations, enforcing
that slip conditions persist for a minimum duration before being detected, while
the tracking loss threshold ensured ongoing feature monitoring. As illustrated in
Figure 5.9, the diverse array of object sizes and shapes enabled the algorithm to
accommodate a wide spectrum of deformation patterns, showcasing its precision
and dependability. These initial tests confirmed the algorithm’s proficiency in
identifying slip events within controlled environments, providing a solid base for
subsequent assessments and refinements.
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(a) Testing of 25mm diameter
circular object

(b) Testing of 37mm diameter
circular object

(c) Testing of square object
with a 33.3mm diagonal

(d) Testing of square object
with a 53mm diagonal

Figure 5.9: Tensile testing for slip detection algorithm optimization using different
objects. The objects are pulled at a constant rate while monitoring force behavior

The results obtained through these experiments using the optimized parame-
ters are presented next.

5.5.3.1 Slip Detection Experiment: 25mm Circular Object

The graph in Fig. 5.10 presents the force-time curve of 25 mm diameter circular
object. The detected slip events are highlighted by vertical red dashed lines. Due
to the nature of the experiment, numerous slips are detected. As seen in the
initial region of the graph at t = 5 s, the first slip is detected, where the force
rises from near zero to a significant peak of 10 N, which corresponds to the onset
of motion between the object and the gripping surface. Following this phase until
t = 200 s, a series of periodic slip events occurred at intervals that were observed
while exhibiting a baseline force of approximately 10 N. Continuous slip events
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demonstrate the finger’s adaptive response while grasping. At t = 273 s, a high
force exceeding 20 N was observed showing prominent slip events as the object
moved toward the fingertip. Post this peak at t = 300-350 s a high frequency
cluster of slip events was observed, highlighting critical grasp instability. By t =
400 s, a sharp decrease in the force was observed, signifying the near complete
escape of the object from the finger grasp, correlating to the rapid detection of
slip events.

Figure 5.10: Force response during tensile testing of 25mm diameter circular
object showing detected slip events overlaid on UTM force measurements

5.5.3.2 Slip Detection Experiment: 37mm Circular Object

The graph in Fig. 5.11 represents the force-time curve of a 37 mm diameter
circular object. As seen in the initial region of the graph at t = 5 s, the first slip
is detected, where a small decrement in force is observed from 2.4 N to 2.2 N.
Following this phase until t = 170 s, a series of periodic slip events occurred at
intervals that were observed while exhibiting a steady increase in force till 20 N.
At t = 180 s, a high force of 23 N was observed for prominent slip events as the
object moved toward the tip. Post to this peak at t = 200-250 s a cluster of slip
events was captured. By t = 270 s, a sharp decrease in the force was observed
along with rapid slip events, signifying near complete object slippage from the
finger.
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Figure 5.11: Tensile test results for 37mm circular object showing correlation
between UTM force measurements and detected slip events

5.5.4 Slip Detection Experiment: 33.3 mm Square Object
The graph in Fig. 5.12 presents the force-time curve of a square object 33.3 mm
diagonal. As seen in the initial region of the graph at t = 5 s, where the force
rises from near zero to a peak of 11 N, a potential slip is missed by the algorithm.
The system captures its first significant slip at t = 12 s in response to a force
peak of 13 N. At t = 25 s, a sudden drop in the force was observed mainly due to
the geometry of the object. The intermediate phase t = 50-200 s demonstrates
the accurate response of the algorithm to changing grip conditions by detecting
slip events that are closely correlated to force fluctuations. These force variations
indicate the adjusting grip response, resulting in clusters of slip events. At t =
260 s the largest peak of force 106 N was observed, with prominent slip events
as the object moves towards the tip of the finger. Afterward, the continuous slip
events were captured, highlighting a decrease in the force, signifying the near
slippage of the square object from finger grasp.

119



5.5 Slip Detection

Figure 5.12: Force response during tensile testing of 25mm square object showing
detected slip events overlaid on UTM force measurements

5.5.5 Slip Detection Experiment: 53 mm Square Object
The graph in Fig. 5.13 presents the force-time curve of a square object 53 mm
diagonal. As seen in the initial region of the graph at t = 5 s, where the force
gradually rises to a peak of 30 N, the first slip event is observed. At t = 43
and t = 94 s, a sudden drop in the force was observed, mainly due to the finger
adapting to the shape of the object. In the phase t = 40-178 s, various slip
events are observed, which are caused by the fluctuating force response as the
self-adaptable finger adjusts to the shape of the object. At t = 232 s, the largest
peak of force 130 N was observed, followed by major slips with a drastic decrement
in force as the object was now escaping the grasp of the finger.
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Figure 5.13: Tensile test results for 37mm square object showing correlation
between UTM force measurements and detected slip events

In summary, the experimental results underscore the effectiveness of the slip
detection algorithm in real-time applications. The custom-designed pullout mech-
anism served the dual purpose of algorithm validation and parameter optimization
while providing precise movement control and ground truth measurements of the
applied forces. This allowed us to optimize the algorithm parameters, such as the
slip detection threshold and the optimal multiplication factor for standard devi-
ation, to balance the sensitivity and minimize false positives. The integration of
UTM data, combined with the continuous pull-up testing, confirms the system’s
capability to reliably detect and respond to slip events, even in scenarios involving
high compliance and dynamic variations. The adaptive thresholding mechanism,
in conjunction with a robust data processing pipeline, makes this system highly
suitable for practical, real-world deployment.

5.6 Force, Z-displacement and position Estima-
tion using CNN

This section explores an approach to achieve the estimation of force, z-displacement,
and position using a Convolutional Neural Network (CNN).

5.6.1 CNN Architecture
The proposed CNN architecture to predict the force, internal deformation (Z-
displacement), and force application position for a soft finger is shown in Fig
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5.14.

Figure 5.14: CNN architecture to estimate force, z-displacement, and position of
the soft finger. GAP: Global Average Pooling.

The force and displacement predictions are carried out as a regression task,
whereas the position estimation is conducted as a classification task. The pro-
posed CNN architecture leverages the ResNet-50 model, pre-trained on the Ima-
geNet dataset, acting as a feature extractor that processes input images and pro-
duces high-level features. Input images are downscaled to 224×224 RGB images
of the finger’s internal wall with the embedded dot pattern. Following ResNet-
50, a Global Average Pooling (GAP) layer is employed for reducing the spatial
dimensions of the output feature maps, averaging each feature map to produce
a one-dimensional vector, and optimizing the features for the Fully Connected
(FC) dense layers. These FC layers integrate and process the retrieved features
for subsequent tasks, enabling the model to learn complex representations and ef-
ficiently combine the features. The model predicts two regression variables, force
and displacement, processed by a regression head, and one classification head to
categorize the force application position (e.g., Tip, Mid, One-Third, Two-Third).

The model is developed using TensorFlow Abadi et al. (2015), with the pri-
mary objective of deploying the designed CNN architecture on a Raspberry Pi to
enable a functional embedded system application. The TensorFlow model is con-
verted into a TensorFlow Lite (TFLite) model, optimized for resource-constrained
embedded platforms such as Raspberry Pi. This conversion decreases the model’s
size and computational demands while preserving accuracy, rendering it appro-
priate for embedded-system inference. This method enables the system to classify
finger positions and estimate force and displacement values efficiently, facilitating
a practical and portable solution.

5.6.2 Data Acquisition
In this section, focus is given on the acquisition of video and image data from the
soft finger, with the objective of training a CNN model for the estimation of force,
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displacement, and position. The data acquisition protocol consists of a system-
atic approach that includes the experimental setup and the structural collection
of data. The process entails setting up the robotic soft finger along with its cam-
era system, exerting forces at four different positions, and diligently capturing
video and image data while maintaining consistent precision and environmental
conditions to guarantee the dataset’s reliability and robustness.

The experimental setup to acquire the required data is shown in Fig. 5.15.
This setup is a custom-built jig designed for compression testing of Self-adaptable
fingers using a UTM. The jig encompasses a soft finger mounting base attached
to a sliding mechanism for vertical linear motion. UTM exerts the compression
force on the soft finger and a stop block is positioned beneath the finger to
make contact with it at four different test positions: P1:Tip, P2:Two-Third,
P3:Middle, and P4:One-Third. The proprietor software of UTM records the force
and displacement data generating quasi-static force-displacement characteristic
curves, providing insights into the mechanical behavior of the soft finger under
various compression positions.

Figure 5.15: Compression Testing Rig Setup with UTM Integration for CNN data
collection - The soft finger, equipped with the embedded camera, was subjected to
controlled forces at four distinct positions (P1-P4), enabling correlation between
ground truth UTM measurements and internal deformation patterns captured by
the embedded camera
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A systematic approach was implemented for data collection to develop and
evolve an accurate predictive model. We used Raspberry Pi Camera V3 embed-
ded within a soft finger, oriented to observe and capture the deformation of the
internal wall, which featured a black-dot pattern serving as visual markers for
tracking deformation during object interactions. As the UTM applies compres-
sion forces to the finger at four predetermined positions, the embedded camera
simultaneously records high-resolution Full-HD images of the internal wall, while
the UTM logs the data of applied force (N) and z-displacement (mm). Moreover,
to generalize across different environmental conditions and varying backgrounds
and to focus mainly on the dot pattern features, we deliberately varied back-
ground colors and visible elements in the camera FOV. This setup allowed us to
obtain a diverse and extensive dataset of 20,778 image-label pairs, illustrating
different soft finger positions. The dataset is divided into 80% (16622 frames)
for training and 20% (4156 frames) for validation sets, respectively. In addition,
unseen test data is created by recording the videos of complete sessions in which
the soft finger is fully deformed in all four positions in order to assess the gen-
eralizability and diversity of the proposed CNN model in estimating the force,
z-displacement, and force application position during grasping and manipulation
tasks.

5.6.3 Results: Force, Z-Displacement and Position Pre-
diction

In this section, the application of a CNN-based approach for determining posi-
tion through classification tasks, as well as force and Z-displacement via regression
tasks are discussed. A comprehensive evaluation of the model’s predictive accu-
racy is provided, backed by quantitative measurements and visual depictions.

The proposed CNN model is trained for 50 epochs using a learning rate of
0.001 and a batch size of 32, incorporating learning rate reduction and early stop-
ping strategies to avoid the model overfitting. During the model training, data
augmentation techniques, including random alterations to brightness, contrast,
and hue, are used to enhance the model’s resilience and generalizability. Fig.
5.16 illustrates the training and validation loss of a model throughout 50 epochs.
Training loss (blue) and validation loss (orange) initially decrease consistently,
signifying learning. However, a minor increase in validation loss occurs at epoch
22, indicating temporary instability. Finally, both losses converge towards zero
by the end.
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Figure 5.16: Training vs validation loss

5.6.3.1 Regression Results: Force and Z-Displacement

The performance evaluation to estimate force and displacement values for the
testing and validation datasets is presented in Table 5.3. The evaluation metrics
used include Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root
Mean Squared Error (RMSE), which quantify the performance of the regression
task. The smaller values of these metrics indicate that the methodology for con-
structing the dataset and model is effective in estimating force and displacement.
The RMSE values for force and displacement at the four positions of the soft fin-
ger indicate differences in the model’s predictive performance. The tip position
exhibits the lowest RMSE for force, indicating improved accuracy in this context,
presumably attributable to a more consistent data representation for this partic-
ular position. The one-third position exhibits the highest RMSE for force. The
mid position demonstrates optimal displacement performance, yielding the lowest
RMSE, while the two-third position exhibits the highest error rate. The increased
error values in force and displacement estimations across various positions result
from subtle deformation changes of the finger that are more challenging to detect.
For all positions in both validation and testing datasets, a nearly identical trend
is observed across all evaluation metrics.

Furthermore, Fig. 5.17 and Fig. 5.18 illustrate the estimated force and dis-
placement values for each position in the validation and testing datasets, re-
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Table 5.3: Performance evaluation of CNN architecture at predicting the force,
z-displacement, and position outputs on the custom-built validation and test
datasets.

Dataset Position Force Z-Displacement
MAE MSE RMSE MAE MSE RMSE

Validation

Tip 0.38 0.23 0.48 0.37 0.20 0.45
One-third 0.45 0.28 0.53 0.30 0.15 0.38
Mid 0.41 0.27 0.52 0.28 0.13 0.36
Two-third 0.36 0.24 0.49 0.40 0.24 0.49

Test

Tip 0.40 0.24 0.49 0.37 0.21 0.46
One-third 0.45 0.29 0.54 0.32 0.19 0.43
Mid 0.42 0.27 0.52 0.29 0.13 0.37
Two-third 0.39 0.28 0.52 0.38 0.21 0.46

spectively, alongside the ground truth values, providing a more comprehensive
illustration of model performance. The model accurately adheres to the deforma-
tion trends of force and displacement values across all positions of the soft finger.
The model accurately predicts force and displacement values in accordance with
the finger deformation trend across four distinct positions. There are very minor
variations in the initial and final values of both force and displacement graphs
with respect to their ground truth values, attributed to very slight changes in
finger deformation in those regions. In predicting the displacement values, the
trend is more consistent at the tip, one-third, and two-third positions, with slight
variation observed at the mid position. However, in the case of force trends, the
prediction aligns more closely at the tip and one-third positions, while exhibiting
slight variation at the mid and two-third positions. Comparison of the data in
Fig. 5.17 and Fig. 5.18 reveals similar variations in the trends of force and dis-
placement relative to their ground truth trends. The model demonstrates superior
performance in both testing and validation datasets, indicating its potential for
extension to additional unseen datasets for practical applications.
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(a) Tip position (b) One-third position (c) Mid position (d) Two-third position

Figure 5.17: Qualitative results of force and displacmenet estimation using our
proposed CNN model on the custom built validation dataset.

(a) Tip position (b) One-third position (c) Mid position (d) Two-third position

Figure 5.18: Qualitative results of force and displacmenet estimation using our
proposed CNN model on the custom built test dataset.

5.6.3.2 Classification Results: Position Estimation

Concerning the position classification results, Fig. 5.19 illustrates prediction for
four positions of the soft finger through a confusion matrix. The confusion matrix
assesses the performance of a classification model by comparing actual labels with
predicted labels, offering an intuitive way to evaluate the model’s effectiveness
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and identify challenging instances. The model demonstrates high performance
for one-third, two-third, and tip positions, exhibiting minimal misclassifications.

Figure 5.19: Confusion matrix for the position classification.

The model’s lower recall and accuracy values for the mid position, on the
other hand, show a higher rate of misclassifications, indicating that this class is
more difficult for it to classify.

5.7 Integration with Industrial Gripper
The complete sensing pipeline, including CNN-based estimation and optical flow-
based slip detection, was deployed on the Raspberry Pi 5. The sensorized soft
finger was mounted as part of the universal gripper on a 6-DOF COMAU indus-
trial robot for experimental validation.

5.7.1 Experimental Sequence
An experimental sequence was designed involving dynamic object manipulation
under different orientations and controlled slips to assess both exteroceptive and
proprioceptive ability. Fig. 5.20. The gripper was controlled in an open-loop
configuration with constant motor commands. The experimental sequence began
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with the robot in a vertical orientation, configured to grasp an object from a
table surface, and then establishing a grasp. Following a secure initial grasp, the
robot’s wrist joint is rotated 90 degrees, transitioning the gripper with the grasped
object to a horizontal orientation. In this position, a manual slip was induced by
disturbing the position of the object within the self-adaptable finger grasp. The
six-axis robot was then reorientated to its original vertical orientation, where
a second manual slip event was performed, thereby completing the experiment.
Manual slip induction was used to apply controlled perturbations to the object
in the open-loop grasp configuration, thereby enabling temporal markers of slip
events and a clear validation of the detection methodology.

Figure 5.20: Sequential demonstration of the experimental procedure for propri-
oceptive and exteroceptive sensing: (a) Pre-grasp configuration showing gripper
positioning, (b) Establishment of secure grasp in vertical orientation, (c) Hori-
zontal transition with manual slip induction, and (d) vertical re-orientation with
final slip validation. This sequence validates the slip detection capability across
changing orientations and external perturbations.

5.7.2 Experimental Findings
Fig. 5.21 shows the result of the experimental sequence test, where an apple
was used as the test object. The test begins with the pre-grasp period (t = 0-1
s), where the gripper self-adaptable fingers barely touch the apple, and both the
displacement and force values are around zero. The initial grasp occurs from t =
1-8 s with a steady increase in force and displacement measurements reaching ap-
proximately 8 N and 15mm, respectively, indicating a secure grasp. In the period
t = 8-16 s, the robot transitioned to a horizontal orientation, causing a gradual
decrease in the displacement to reach 8.5 mm with slowly increasing force values
of 8–8.8 N. The displacement shows an increasing trend due to the settling of the
finger structure in the horizontal configuration after the transition effects. At t
= 17 s while in the same horizontal position, the first manual slip was caused by
the movement of the apple within the secure grasp and was accurately detected,
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as shown in Fig. 5.21 as the first vertical red dashed line. Subsequently, as the
gripper began reorienting back to its starting vertical position, the displacement
started to settle at 17mm, and a decreasing trend in the force values was observed.
This occurs during the transition as the gravitational and inertial loads are re-
distributed and due to the finger’s structural change as it adapts. A second slip
was detected at t = 20.7 s, resulting from a combination of finger self-adaptation
after the disturbance caused by manual slip and reorientation dynamics. During
the transition back to the vertical position, a gradual decrease in displacement
to 10.1 mm corresponding to increasing force is observed, similar to the behavior
observed in the first orientation change. After reorientation, as the adaptation
continues, the final manual slip is induced at t = 25.8 s. Following this slip,
the force exhibits an increasing trend and reaches 8.4 N, whereas displacement
oscillations between 10-12.5mm are observed, indicating the dynamic response to
the disturbance.

Throughout the experiment, the sensing approach demonstrated good perfor-
mance for force, displacement, and slip detection, while the position classification
remained consistent as mid-position, thus establishing sensing capabilities in both
proprioceptive and exteroceptive sensing modalities.

Figure 5.21: Integrated sensor measurements during apple manipulation
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5.7.3 Validation and Testing Analysis
The detailed use case of apple has been discussed; however, the analysis was
performed using 10 objects of varying weights, sizes, and physical properties that
were selected from the Amazon Picking Challenge and YCB datasets. The slip
detection and position classification metrics are shown in Table 5.4. The physical
characteristics of objects such as apple and tennis ball correlate with the success
rate of slip detection exceeding 95%. In contrast, soft and semi-rigid objects like
a sponge and black tube demonstrated a lower success rate of 85% and 88% with
more false positives and negatives due to their varying physical characteristics
during the experimental sequence.

Position classification showed a distinct correlation with the object geometry
and grasping orientation. Elongated objects such as the black tube and scissors
demonstrated exceptional accuracy of 97.2% and 98.5% in their grip positions of
two-third and tip respectively. The cereal box and mug showed good classification
at their grasp position of one-third 86.5% and 97.5%, with lower accuracy of
the cereal box due to its semi-rigid nature causing confusion. Objects with a
spherical shape like an apple and tennis ball, grasped from the middle position
demonstrated an accuracy of 87.5% and 89.2%. Likewise, the water bottle grasped
from the mid showed 88.4% accuracy, which was mainly influenced by the change
in weight distribution during manipulation. Despite its deformable structure, the
scrub sponge demonstrated a reasonable accuracy of 85.4% at the mid-position.

The detailed analysis shows that our system can maintain reliable slip detec-
tion and position classification accuracy across different object geometries during
dynamic manipulation with changing orientation and manually induced object
slippage events, further validating our integrated approach.

The full iteration of the algorithm takes 160 ms (6.25 Hz), with the CNN
requiring a processing time of 125 ms (8 Hz) and the slip detection algorithm
response time of 35 ms (28.5 Hz). The higher processing time of CNN inference
represents the major processing bottleneck; however, slip detection achieves true
real-time performance. The complete processing cycle of 160 ms (6.25 Hz) allows
practical feedback manipulation, considering typical industrial grip adjustments
response time is 300-500 ms Hugo (2013). These performance characteristics
achieved on an embedded platform establish the system’s potential for implemen-
tation in real-world applications where proprioceptive and exteroceptive sensing
is vital for maintaining secure and stable grasps.

The proposed vision-based sensorization approach addresses several longstand-
ing challenges in soft robotic sensing:

• Preserves compliance by embedding sensing without rigid components.

• Provides multi-modal feedback from a single compact architecture.
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Table 5.4: Performance evaluation metrics across ten daily objects used in the
experimental sequence

Apple Mug Scissor Water
Bottle

Cereal
Box

Tennis
Ball

Toy
Duck

Screw
Driver

Scrub
Sponges

Black
Tube

Object Image

Weight (g) 120 200 75 550 365 58 47 150 15 180

Physical Nature Rigid Rigid Rigid Rigid Semi-
Rigid

Semi-
Rigid

Semi-
Rigid Rigid Soft Semi-

Rigid

Slip
Success Rate 100.0% 92.5% 95.0% 97.0% 90.0% 98.0% 93.0% 91.0% 85.0% 88.0%

False
Positives 0.0% 5.0% 3.0% 2.0% 6.0% 1.5% 4.0% 5.0% 8.0% 7.0%

False
Negatives 0.0% 2.5% 2.0% 1.0% 4.0% 0.5% 3.0% 4.0% 7.0% 5.0%

Position Accuracy 87.5%
(M)

97.5%
(OT)

96.8%
(T)

88.4%
(M)

86.5%
(OT)

89.2%
(M)

96.4%
(M)

98.5%
(T)

85.4%
(M)

97.2%
(TT)

• Demonstrates real-time performance on embedded hardware.

Compared to traditional resistive or capacitive sensors, the camera-based ap-
proach avoids mechanical interference and achieves higher fidelity across multiple
sensing modalities. Its integration with the universal gripper platform validates
its potential for industrial applications requiring adaptability and intelligent feed-
back.

5.8 Chapter Summary
This chapter introduced a novel vision-based sensing paradigm for FinRay-inspired
fingers, embedding a compact camera system. The integration of vision-based
sensing within the additively manufactured soft finger structure establishes the
feasibility of achieving multiple sensing modalities with a single compact em-
bedded system while retaining the characteristic properties of the fingers. The
proposed system successfully estimates normal interaction forces, measures inter-
nal deformation (Z-displacement), classifies the position of the applied force, and
detects slip events with the complete sensing pipeline processed on an embedded
platform while avoiding complex signal disambiguation challenges and occlusion
issues. The strategy of using adaptive thresholds combined with robust statistical
schemes resulted in reliable sensing performance, with the slip detection compo-
nent operating at 28.5 Hz and the CNN inference at a practical update rate of 8
Hz. Moreover, the implementation on a modular embedded platform enables easy
integration into existing soft robotic systems. The open-side design of the finger
presents challenges due to environmental variations; However, it allows simplified
finger interchangeability and hardware reuse in different finger designs. Although
we have integrated techniques to compensate for environmental variations in our
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algorithm, extreme changes in ambient conditions can impact sensing reliability.
In such cases, the addition of a finger enclosure and constant internal illumination
may improve the sensing results. These considerations were carefully balanced
against the system’s accessibility and deployment requirements.
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Chapter 6

Resistive Sensorization of
FinRay-Inspired Fingers via
Additive Manufacturing

6.1 Introduction
The development of compliant robotic fingers requires embedded sensing meth-
ods that preserve mechanical compliance while providing reliable feedback. Tra-
ditional sensor integration often involves attaching pre-fabricated resistive or ca-
pacitive sensors onto soft structures, which can compromise flexibility, introduce
stress concentrations, and reduce long-term durability. Additive manufacturing
presents a promising alternative, enabling the co-fabrication of mechanical
structures and sensing elements in a single process.

This chapter introduces a resistive sensing strategy for FinRay-inspired soft
fingers, fabricated entirely through multi-material fused deposition modeling (FDM).
The co-fabrication approach enhances durability, and reduces assembly complex-
ity. The design, fabrication methodology, and experimental validation of this
resistive sensorization approach are presented. The results demonstrate that ad-
ditive manufacturing can deliver a cost-effective, integrated sensing solution for
industrially relevant compliant fingers.
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6.2 Resistive Sensorization via Additive Manu-
facturing

6.2.1 Motivation and Concept
Resistive sensors provide a lightweight and economical way to integrate feedback
into flexible fingers. Traditional designs are typically fabricated independently
and then mounted onto soft structures, which can compromise both flexibility
and longevity. In this study, a resistive sensor was 3D-printed and integrated
directly within the soft finger through multi-material FDM printing. This
technique results in adaptable and effective sensors that address challenges in soft
robotics. The sensors’ enhanced durability and sensitivity allow them to perform
excellently even with frequent use. Conductive polylactic acid (PLA) is another
crucial material within soft robotics. Its popularity in additive manufacturing,
especially 3D printing, stems from its low melting point and favorable mechanical
properties, making it ideal for developing complex sensor designs. It combines
robustness with conductivity, perfect for crafting complex sensors that easily in-
tegrate into soft robotic frameworks. Conductive PLA sensors deliver consistent
performance and are essential for tasks requiring precise control and feedback,
such as soft robotic fingers. The described method utilizes multi-material FDM
printing to fabricate conductive TPU and PLA based sensors, which are inexpen-
sive and entirely 3D-printable materials, contrasting with former methods that
relied on intricate fabrication approaches like lithography or inkjet printing of
silver nanowires, carbon nanotubes, or liquid metals. This technique enables the
straightforward creation and integration of sensors into robotic frameworks. Dis-
tinct from past studies often centered on single-track or flat sensors, this research
examines the impact of both track multiplicity and thickness variation within
a systematic design-to-performance framework. A fundamental component of
these sensors is the application of Wheatstone bridge circuits to detect minor re-
sistance changes during robot operation. The circuit, with a configuration of four
resistive elements, heightens the sensors’ sensitivity and precision by translat-
ing resistance fluctuations into detectable voltage variationsSaeedi & Effatnejad
(2021). This precise feedback enables soft robotic components to recognize even
slight pressure and strain fluctuations, facilitating the safe and precise execution
of meticulous tasks, such as handling delicate items and performing intricate sur-
gical operationsGeorgopoulou et al. (2021). The progress of soft robotics owes
much to these easily integrable sensors, whose reliable performance is ensured by
the combination of cutting-edge materials and sophisticated circuitryWhitesides
(2018).
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6.3 Materials and Methods
6.3.1 Material Selection
6.3.1.1 TPU-Based Sensors

Two commercially available thermoplastic polyurethane materials were selected:
Conductive Component:

• Material: Filaflex TPU conductive filament

• Shore hardness: 92A

• Tensile modulus: 90 MPa

• Elongation at break: <100%

• Electrical resistivity: ∼3.9 Ω/cm

• Function: Core sensing element

Insulating Component:

• Material: Non-conductive flex filament

• Shore hardness: 93A

• Tensile modulus: 40 MPa

• Function: Electrical insulation between conductive tracks

6.3.1.2 PLA-Based Sensors

A second sensor variant utilized:

• Conductive PLA: Resistivity of 15 Ω/cm along printed layers

• Standard non-conductive PLA: For insulation and structural support

6.3.2 Fabrication Process
The fabrication process employed a Prusa i3 MK3 3D printer equipped with the
MMU2S multi-material upgrade kit, enabling the use of up to five different fila-
ments in a single printing cycle through automatic filament switching via a single
nozzle. This capability was essential for creating the integrated sensor structures
with alternating conductive and insulating materials. The printing parameters
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were carefully optimized, utilizing a rectilinear infill pattern with 100% infill den-
sity to ensure consistent electrical properties throughout the sensor structure.
Particular attention was paid to temperature control during material transitions
to prevent cross-contamination between conductive and non-conductive materials
while maintaining adequate inter-material adhesion. The 3D models were pre-
pared and sliced using the open-source PrusaSlicer 2.7.4 software, which allowed
precise control over multi-material printing parameters. Temperature profiles
were individually adjusted for each material transition to balance the competing
requirements of preventing thermal degradation, ensuring proper layer adhesion,
and avoiding material mixing at the nozzle during filament changes.

6.4 Sensor Design
This section describes the design of resistive sensors developed for high-precision
measurements in our study of soft robotics. The design process required a careful
examination of several elements, including sensing systems and geometric con-
figurations. Additionally, we designed robotic fingers with integrated sensors to
ensure simple performance and functionality. The resistance R of the sensors is
given by: R = ρ · l

A
, where ρ is the resistivity of the material used in the sensor,

l is the length of the sensor, and A is the cross-sectional area of the sensor trace.
As the sensors are deformed, R changes accordingly.

6.4.1 Sensor Tracks
Using CAD modeling, four different resistive sensors with various track designs
were created to examine differences in electrical resistance and enhance strain sen-
sitivity. The dimensions of these models were kept constant at 25 mm in length,
and 1 mm in thickness to ensure measurement consistency across designs. After
conducting thorough measurements across the various track configurations, a de-
sign showing eight tracks for the resistive sensors was selected. This decision was
based on the better performance observed under various load conditions, with the
eight-track arrangement proving to be the most durable and dependable design
for managing a range of mechanical loads. Following this selection, optimization
CAD design focused on improving the sensor’s thickness to enhance its structural
performance and consistency.
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Figure 6.1: 3D-printed version of the designed sensors

6.4.2 Sensor Thickness
Four resistive sensors with varied thicknesses (0.2 mm, 0.4 mm, 0.6 mm, and 0.8
mm) were designed using CAD to investigate their effect on material resistance
and durability while maintaining the constant eight-track setup. Each model
was precisely constructed with a uniform length of 25 mm and a track width of
14 mm to ensure consistent measurement capabilities across all designs. This
approach allowed us to understand how variation in the thickness affects the
sensor’s performance, helping to optimize the sensor’s structure and functional
accuracy.
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Figure 6.2: 3D Model of the designed sensor with 8-track

6.5 Robotic Finger Design with Integrated Sen-
sor

In the design of advanced robotic fingers (Figure 6.3 and Figure 6.4), precise
strain measurement is essential for accurate and responsive movements. Our
design was significantly inspired by the work presented in Suder et al. (2021).
This study evaluated various FinRay finger designs with particular emphasis on
internal structural configurations. Their findings showed that fingers without
internal structure demonstrated superior performance overall in object grasping.

Two different robotic finger variations measuring 82 mm in length, 14 mm
in width, 44 mm in height, and 3.6 mm in wall thickness were created. A soft
resistive sensor is incorporated into both designs to improve functionality.

6.5.1 Open Configuration
This design features an open configuration where the sensor is placed in the space
under the finger, allowing more direct contact between the sensor and the object
being grasped(Figure 3). The size of the sensor and the base is 1.4 mm. This
ensures easy access and maintenance and allows for accurate strain measurement
when flexing the finger. To minimize possible misalignments or movements during
the grasping task, the resistive sensor was integrated into the soft finger using
embedded sensor channels.
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Figure 6.3: Open Configuration Robotic Finger a) View showing the assembly of
the open configuration finger with the resistive sensor positioned underneath b)
Assembled open configuration with complete dimensional specifications

6.5.2 Closed Configuration
With a continuous frame structure, the finger completely encapsulates the re-
sistive sensor within the finger structure, ensuring seamless and protected in-
tegration. The closed design provides a uniform grip surface, which improves
the grasping task performance. By fully embedding the sensor along the entire
length of the finger, this configuration enables continuous strain measurements
throughout the finger structure and provides comprehensive feedback on finger
deformation and interaction with objects.
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Figure 6.4: Closed Configuration Robotic Finger a) View of the closed config-
uration design showing the internal support structure and sensor integration b)
Assembled closed configuration with complete dimensional specifications

6.6 Mechanical Integration
Several sensors and fingers were printed using a standard FDM printer (Prusa
i3 MK3) equipped with an MMU2S multi-material upgrade kit. Various sensors
were printed using conductive and non-conductive PLA filaments to test and
optimize the design. The primary goal was to ensure the dimensions of the
sensing tracks matched the printer specifications, such as nozzle diameter, to
avoid over or under-extrusion problems. After the simulation, in the first stage
of the final print, the optimized sensor design was printed using both conductive
and non-conductive filaments simultaneously. Because of this, we were able to
create the thinnest employed sensor with exact track dimensions. In the second
stage, the robotic finger was printed using flex filament with a Shore hardness of
93A.

The integration of the sensor with the robotic finger was conducted with two
different configurations: open and closed. For the open configuration (a), the
finger’s body was printed with TPU, and the sensor was printed separately using
PLA and PLA conductive. The PLA sensor was then attached below the TPU
finger, resulting in what we refer to as the "TPU-PLA sensor base."

For the closed configuration (b), the finger was printed totally with TPU.
The sensor, composed of both conductive (Filaflex TPU) and non-conductive
above-mentioned TPU filaments, was printed separately and then positioned on
top of the TPU finger. This assembly is referred to as the "fully TPU finger."
These configurations allow us to evaluate the performance and suitability of the
integrated sensors within the robotic fingers for various applications.
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Figure 6.5: 3D Printing Finger and Sensor

A limitation of our methodology that becomes more obvious with extended use
is the drift in the printed sensor’s readings. This drift often occurs with resistive-
based sensors caused by the heating of the sensor when electricity passes through
its conductive tracks. The drift due to heating continues to increase the longer the
sensor is used, making it difficult to accurately characterize the sensor response.
To address this issue, we implemented a Wheatstone bridge circuit designed to
convert the sensor’s change in resistance into voltage, amplify the output voltage
across the 0–5 V range, and minimize drift by reducing the current through the
sensor. This circuit, the Wheatstone bridge, is balanced at the sensor’s base
resistance value, with R1 and R2 set to 15 kΩ and a potentiometer used to zero
the output voltage when the sensor is flat.

6.7 Experimental Results
6.7.1 Sensor’s Evaluation
To evaluate the sensor’s response, we systematically tested and characterized the
sensors with different tracks. The initial resistance values of each sensor after
printing varied, with the 2-track sensor measuring 6.26 kΩ, the 4-track sensor at
7.46 kΩ, the 6-track sensor at 10.5 kΩ, and the 8-track sensor at 17.70 kΩ. In
the first tests, resistance variations under various applied forces were measured
to examine the behavior of the resistive sensors. A support structure for mount-
ing the sensor to a bar was part of the measurement setup. An Arduino setup
combined with a Wheatstone bridge circuit was used to record the corresponding
voltage changes when forces of (0, 20, 40, 50, 100, and 150) grams were applied
successively. This gave us important information on the sensitivity and perfor-
mance of the various track configurations and enabled us to precisely record the
sensor’s response to changing force levels. To apply a consistent and controlled
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load during testing, calibrated weights (ranging from 0 g to 150 g) were carefully
placed on the sensor surface in a point loading behavior using a small platform
to ensure alignment and minimize bending or uneven distribution. To keep the
sensors flat and unmoved during the experiment, they were positioned horizon-
tally on a rigid bar and attached with spring clamps. With little external noise or
error, this configuration made it possible to repeat loading at the same identity.
These measures were taken to ensure the accuracy and consistency of the results
across different tracks and thickness variations.

We collected and analyzed the resistivity plots for sensors with 2-tracks, 4-
tracks, 6-tracks, and 8-tracks under applied forces of (0, 20, 40, 50, 100, and
150) grams. The 8-track design has the highest total resistance (18.2-20.0 kΩ
and the smoothest slope with load, indicating good sensitivity and stability. The
6-track design has minimal fluctuations (10.0-10.4 kΩ, indicating high reliability.
The 4-track design exhibits irregular behavior, particularly at higher loads, with
significant drift above 50 g. The 2-track design shows the lowest fluctuation (5.9-
6.0 kΩ, but also the lowest sensitivity to load changes. The plot below illustrates
the resistance vs. load for different track designs, showing these performance
trends. Table 6.1 presents the sensitivity for different track designs calculated
from the resistance changes observed under the applied force range of 0-150 g.
While the 4-track design shows high numerical sensitivity, its irregular behavior
and drift make it unreliable for practical applications. The 8-track design offers
4.4 times higher sensitivity than the 6-track design, confirming that the 8-track
configuration provides the optimal balance between sensitivity and stability for
our application.
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Figure 6.6: Plots of Tracks Sensors

Table 6.1: Sensitivity comparison between track configurations

Sensor Configuration Resistance Range (kΩ) Resistance Change (kΩ) Sensitivity (∆R/∆F ) (kΩ/g)

2-track 5.9–6.0 0.1 0.0007
4-track 7.5–11.2* 3.7* 0.0247*

6-track 10.0–10.4 0.4 0.0027
8-track 18.2–20.0 1.8 0.0120

*Note: The 4-track design exhibited irregular behavior with significant drift.

After selecting the 8-track sensor for its good performance, the next phase
involved optimizing the sensor by adjusting the thickness of the conductive mate-
rial to maintain consistent and accurate track performance. Sensors with differ-
ent thicknesses were printed, and their performance was evaluated under applied
forces of (0, 20, 40, 50, 60, and 100) grams. The plot below illustrates the per-
formance of each sensor across these applied forces.

• Sensor I (0.2 mm) demonstrated high sensitivity but showed no change in
resistance at 60 and 100 grams, indicating instability.

• Sensor II (0.4 mm) showed noticeable drift at no load and decreased re-
sponse at 100 grams.
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• Sensor III (0.6 mm) demonstrated the best performance with optimal sen-
sitivity and stability, making it highly suitable for precise measurements.

• Sensor IV (0.8 mm) displayed good stability but had a limited range of
resistance changes.

Figure 6.7: Plots of Resistance vs Load for different sensor thickness

Based on these evaluations, Sensor III (0.6 mm) was identified as the most
effective configuration, offering a balanced amount of sensitivity and stability. It
was therefore selected for further development and integration into soft finger
robotics. The following table summarizes the performance of each sensor:

Table 6.2: Sensor response to applied loads

Metric Sensor I Sensor II Sensor III Sensor IV

Sensitivity to Load High Medium High High
Resistivity Range Widest Medium Moderate Narrowest
Signal Stability Low Low High/Medium High

With the successful optimization of the 8-track sensor with a thickness of 0.6
mm, the next step is the robotic finger and integration with sensors
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6.8 Finger Evaluation
For the bending testing the TPU finger and the TPU/PLA base finger were
mounted onto the machine and subjected to various mechanical tests using a
UTM. These tests aimed to measure the finger’s strength, flexibility, and durabil-
ity while assessing the sensor’s performance in real-world conditions. The sensor
on the finger was connected to a microcontroller (Arduino) to collect real-time
data, while the UTM machine simultaneously collected mechanical data on load,
deformation, and stress.

The collected data from both the Arduino and UTM machines were imported
into MATLAB for analysis. The datasets were synchronized to align force and
resistance readings. Multiple fitting approaches were evaluated, and a 4th-degree
polynomial was selected for its superior performance. The fitting was performed
using MATLAB’s polyfit() and polyval() functions. The general form of the
polynomial model is:

R = a4F4 + a3F3 + a2F2 + a1F + a0

where R is the sensor resistance, F is the applied force, and through are
the polynomial coefficients obtained through regression. The process involved
cleaning and preprocessing the data to ensure accuracy, aligning the datasets
for organized analysis, and applying polynomial fitting to model the relationship
between the applied force and the sensor response. This comprehensive approach
enabled a thorough evaluation of both the sensor’s performance and the gripper
finger’s mechanical behavior.

The fingers were further tested in different positions—head, middle, and
end—for both the fully TPU finger and the TPU/PLA base finger. This ad-
ditional testing aimed to understand how the fingers operated and behaved in
different conditions and force application points. We could evaluate the overall
strength of the fingers under various stress points as well as the consistency and
dependability of the sensor readings by assessing the fingers in these particular
positions.

Figure 6.8: bending test for fully TPU finger
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The plots illustrate the resistance changes of the fully TPU finger tested at
the head, middle, and end positions. The blue dots represent experimental data,
while the red line is a 4th-degree polynomial fit. At each position, the resistance
increases smoothly with applied force, and the polynomial fit closely matches the
experimental data.

Figure 6.9: Plots of TPU finger

Figure 6.10: Bending test for fully TPU/PLA Base finger

The plots show the experimental data and the 4th-degree polynomial fit for
the TPU/PLA base finger. The first plot represents the head position, the second
plot represents the middle position, and the third plot represents the end position
of the finger, illustrating the resistance changes in response to applied forces and
demonstrating the sensor’s performance across different stress points. A result
of the differences, the fully TPU finger, and the TPU/PLA base finger behave
differently mechanically and react differently when forces are applied. Because of
its uniformity, and flexibility, the fully TPU finger shows more uniform flexibility
and consistent sensor response across all tested positions—head, middle, and
end—producing smooth resistance changes that closely resemble the 4th-degree
polynomial fit.
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Figure 6.11: plots of TPU/ PLA Base Finger

The assembly of flexible TPU and rigid PLA in the TPU/PLA base finger, on
the other hand, demonstrates more variation in its mechanical response. Because
the stiffness of the PLA influences the finger’s deformation and strain distri-
bution, resulting in less uniform resistance changes compared to the fully TPU
finger, this causes more position-dependent sensor readings. In the final analysis,
the fully TPU finger provides more mechanical flexibility and consistent sensor
performance than the TPU/PLA base finger, considering the former’s increased
structural rigidity.

6.9 Conclusion
This work successfully developed and tested flexible TPU sensors using FDM
printing for soft robotic fingers, focusing on the limitations of typical, rigid sen-
sors. The fully TPU finger sensor is perfect for tasks requiring precise feedback,
like handling delicate objects, as it showed fewer fluctuations in experimental
data and more consistent and predictable resistance changes. The TPU finger
with a PLA base, on the other hand, was able to resist higher forces but dis-
played more variability in the plots and less consistency in resistance changes.
The advantages and disadvantages of each design are compared in this compar-
ison, which helps choose the right materials and configurations for various soft
robotics applications.

This chapter presented a comprehensive approach to developing fully 3D-
printable flexible resistive sensors for soft robotic applications. Through system-
atic optimization of track configurations and material thickness, we identified an
8-track, 0.6 mm thick sensor design offering optimal sensitivity (0.0120 kΩ/g) and
stability. Integration into self-adaptable fingers demonstrated successful sensing
capabilities in both open and closed configurations, with the fully TPU variant
showing superior consistency in sensor response. The key contributions of this
work include: Systematic evaluation framework for resistive sensor geometry op-
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timization Accessible fabrication, Demonstration of complete sensor-finger fabri-
cation using standard FDM technology, and Ready-to-use designs for soft robotic
sensing applications. The resistance-force relationship following a fourth-degree
polynomial enables predictable sensor behavior suitable for closed-loop control
applications. While thermal drift remains a challenge for extended operation.

The approach highlights additive manufacturing as a scalable and accessible
method for integrating sensing into compliant robotic systems. While resistive
sensing is limited in spatial resolution and signal linearity, it provides a practical
foundation for real-time feedback in industrial manipulation. The next chapter
extends this work by exploring distributed tactile sensing through light-angle
sensor arrays.
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Chapter 7

Light-Angle Sensor Array
Integration for Distributed
Tactile Sensing in Self-Adaptable
Fingers

7.1 Introduction
Resistive and capacitive sensors provide basic contact and deformation feedback,
but their resolution and robustness remain insufficient for applications requiring
detailed spatial information. Achieving more advanced tactile robust dexterous
manipulation capabilities with soft, self-adaptable fingers requires tactile sensing
that is compact, integrable, and sensitive to both static and dynamic contact
phenomena.

This chapter reports the development and in-progress integration of LiVec
Leslie et al. (2023a) light-angle tactile sensors into FinRay-inspired soft fingers.
We first present the characterization of three pre-prototype LiVec sensors pro-
vided by University College Dublin (UCD), using a custom UTM rig to quantify
3D displacement/force response and repeatability. We then describe the design
and fabrication of a four-layer rigid-flex PCB LiVec sensor array tailored to the
soft finger geometry, together with a readout architecture and a silicone skin in-
terface designed to preserve the soft fingers adaptability. Finally, we outline the
test plans for array-level calibration, grasp sensing, and slip/vibration detection
within our universal gripper platform. Results to date confirm promising linearity
and repeatability on the demo sensors and demonstrate a manufacturable path-
way toward dense, arrayed, non-camera optical tactile sensing within soft robotic
fingers.
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This chapter documents our path from demo LiVec sensors to a custom array
integrated into a self-adaptable finger:

1. Characterization of demo sensors (3 units): custom UTM rig, Teensy-
based readout, center/offset loading, and cyclic repeatability.

2. Integration concept and design: rigid-flex PCB array; readout electronics;
silicone skin and housing.

3. Implementation status & plan: PCB array finalized and fabricated; fin-
ger/housing and firmware in progress; forthcoming array-level calibration and
manipulation experiments.

7.2 Background
7.2.1 LiVec sensing principle
LiVec employs a black silicone pillar with a white reflector near the tip. Two IR
LEDs illuminate the reflector; a light-angle sensor (Analog Devices ADPD2140)
measures photon incidence angles and intensity. Pillar deformation (X/Y bend-
ing, Z compression) alters the reflector pose, modulating four photocurrents; mul-
tivariate regression maps these to 3D displacement/force. Two LEDs mitigate sig-
nal asymmetry and low SNR when the reflector moves away from a single emitter.
Reported prototype precision is O(10–40) µm in displacement and O(30–70) mN
in force, with sensitivity to vibrations up to ∼ 950 Hz via pulsed illumination and
ambient-light rejection Leslie et al. (2023a).
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Figure 7.1: Sensing principle of the LiVec sensor. A) 3D cutaway view showing
key components. B) In the neutral position, LEDs illuminate the pillar cavity.
Light is either absorbed by black silicone or diffusely reflected by the disk-shaped
reflector, with some scattered light reaching the ADPD2140 sensor. The average
incident angle is 0◦ (normal to PCB); only select rays are shown for clarity. C)
Lateral displacement of the pillar in the X direction alters the reflector position,
changing the angle and intensity of light reaching the sensor. D) Z compression
moves the reflector closer to the sensor, increasing light intensity—useful for
inferring Z displacement.

ADPD2140 Angle Computation Principle
The ADPD2140 uses four photodiode channels (xL, xR, yT , yB) to compute nor-
malized ratios that correspond to the horizontal and vertical light angles. The
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basic equations are:

x = xL − xR

xL + xR

, (7.1)

y = yT − yB

yT + yB

. (7.2)

The resulting ratios are converted to angles using a proportionality constant M
(angular slope):

θx = x

M
, θy = y

M
, M ≈ 0.00631 (ratio/°). (7.3)

Additionally, the overall light intensity is computed as:

L = xL + xR + yT + yB, (7.4)

This sums all four photodiode currents to get the total incident light intensity.
which in our application correlates with Z-axis displacement (compression of the
silicone pillar).
Note: The proportionality constant M ≈ 0.00631 and the linear mapping θx =
x
M
, θy = y

M
are valid only within the linear region of approximately ±5◦ around

the optical axis. Beyond this range, the sensor response becomes nonlinear, and
accurate angle estimation up to the full ±35◦ field of view requires a calibration
curve or polynomial mapping. In the LiVec implementation, this limitation is
addressed by using multivariate regression models trained on experimental data,
which compensate for nonlinearities and allow accurate 3D displacement and force
estimation across the entire operating range.

7.2.2 Demo Sensor Construction
The LiVec prototype sensor consists of a soft black silicone pillar with an internal
hollow cavity housing a white silicone reflector. This reflector scatters infrared
light emitted by two LEDs mounted on the printed circuit board (PCB). The PCB
also hosts the ADPD2140 light-angle sensor and the ADPD1080 photometric
front-end, which performs analog-to-digital conversion and LED control. The
pillar is secured to the PCB using a 3D-printed top plate and four M2 screws,
ensuring stable alignment during testing. A Teensy 4.1 microcontroller interfaces
with the ADPD1080 via I2C and streams data to a host PC over USB for real-time
visualization and logging. This compact assembly enables precise measurement
of 3D displacement and force through optical angle and intensity sensing.
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Figure 7.2: (a) Photograph of the LiVec sensor prototype. (b) Cross-sectional
schematic illustrating key components: PCB with ADPD2140 light-angle sensor
and two infrared LEDs, black silicone skin forming a pillar with an internal hollow
cavity, embedded white silicone reflector, and a top plate securing the assembly.
*(Image adapted from Leslie et al. (2023a)).*

7.2.3 Why LiVec for soft FinRay-inspired fingers
The FinRay effect depends on compliant structural coupling to conform around
objects. Tactile instrumentation must therefore be thin, lightweight, conformable,
and non-obstructive to passive adaptation. LiVec’s compact height, PCB-integrated
optoelectronics, and scalability to arrays align with these constraints and provide
high temporal bandwidth for slip/vibration.

7.3 Part I — Demo-Sensor Characterization
7.3.1 Sensors and electronics
Three UCD LiVec prototypes included a silicone pillar/reflector assembly on a
PCB with ADPD2140, ADPD1080 (14-bit ADC, LED control), and two IR LEDs;
a Teensy 4.1 microcontroller acquired data and streamed to a PC GUI as shown
in Figure 7.3.
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Figure 7.3: Graphical interface for demo sensor

7.3.2 UTM rig and protocol
A custom fixture for a Zwick/Roell UTM with a rigid 4 mm needle probe was
designed to enable clean Z-axis load application. An XY plate targeted center and
±2.5 mm offset points. Tests: center Z-loading, offsets, and 5 N cyclic loading.
TestXpert III logged UTM force/displacement.

Figure 7.4: UTM-based test rig
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Figure 7.5: (a) Testing points on the sensor pillar. (b) Rigid needle compressing
at 2.5 mm from the center. (c) Rigid needle compressing at center.

Table 7.1: LiVec sensors: Sensing ranges and resolutions

LiVec #1 LiVec #2 LiVec #3

X Y Z X Y Z X Y Z

Disp. (mm)
Range ±1 ±1 −2.4 ±1 ±1 −2.4 ±1 ±1 −2.4
Res. 0.04 0.03 0.02 0.04 0.04 0.03 0.04 0.03 0.02

Force (N)
Range ±1 ±1 −8 ±1 ±1 −8.5 ±1 ±1 −10
Res. 0.03 0.04 0.09 0.04 0.04 0.30 0.05 0.08 0.04

7.3.3 Performance under Representative Loading Condi-
tions

Only the results for Sensor #1 are presented here, as the other two sensors ex-
hibited similar behavior and remained within their specified sensing ranges and
resolutions (Table 7.1). The selected plots illustrate three representative cases:
6 N applied at the center, 5 N applied with a 2.5 mm lateral offset, and cyclic
loading up to 5 N at the center. These tests were performed using the UTM
setup, with acquisition of ground-truth force and displacement.

Center Loading (6 N). The sensor exhibits consistent and repeatable esti-
mates of DX , DY , and DZ across three iterations, with minimal drift and low
inter-trial variability. The corresponding force estimates (FX , FY , FZ) follow the
expected trend, with FZ dominating under axial compression and lateral compo-
nents remaining near zero, confirming proper decoupling of axes.

Offset Loading (6 N at 2.5 mm). When the load is applied off-center, the sen-
sor correctly detects combined axial and lateral deformation, reflected in DX/DY
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components and corresponding force estimates. This demonstrates the sensor’s
ability to capture multi-axis interactions, which is critical for grasping scenarios
involving asymmetric contact.

Cyclic Loading (0–5 N). Under repeated loading cycles, the sensor output
tracks the UTM reference with negligible hysteresis and stable baseline, indicating
good repeatability and robustness against drift. The displacement and force
curves maintain shape fidelity across cycles, supporting the suitability of the
regression model for dynamic tasks.

Figure 7.6: LiVec Sensor #1 response under 6 N center loading: estimated 3D
displacement and force compared with UTM reference.
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Figure 7.7: LiVec Sensor #1 response under 5 N loading at 2.5 mm lateral offset:
estimated 3D displacement and force compared with UTM reference.

Figure 7.8: LiVec Sensor #1 response under cyclic loading (0–5 N): estimated 3D
displacement and force compared with UTM reference.

Overall, Sensor #1 operates well within its specified sensing range (Table 7.1)
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and achieves sub-0.1 N force resolution and sub-0.05 mm displacement resolution
under practical loading conditions.

7.4 Part II —Integration of Rigid-Flex PCB into
Soft Finger

To enable tactile sensing within the soft finger structure, a custom rigid-flex PCB
was designed and fabricated, with the initial design of the PCB coming from UCD,
Ireland. The rigid sections host the ADPD2140 light-angle sensors and IR LEDs,
while the flexible interconnects allow the PCB to conform to the finger’s curvature
without inducing stiffness. This design ensures that the sensing elements remain
aligned while preserving the adaptive mechanics of the self-adaptable finger.

7.4.1 PCB Design and Fabrication
Figure 7.9 shows the KiCad layout of the rigid-flex PCB, including top and bot-
tom views. The design integrates multiple LiVec sensing units, each consisting of
an ADPD2140 sensor and two IR LEDs, connected via flexible polyimide traces
to minimize bending stress.

Figure 7.9: KiCad design of the rigid-flex PCB for LiVec sensor array: (a) top
view and (b) bottom view. The rigid sections host sensors and LEDs, while the
flex sections provide compliance for embedding into the soft finger.

The fabricated PCB is shown in Figure 7.10, illustrating the top and bottom
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sides. The rigid islands contain the optoelectronic components, and the flexible
interconnects enable folding and routing through the finger’s internal channels.

Figure 7.10: Fabricated rigid-flex PCB: (a) top side with ADPD2140 sensors and
LEDs with a zoomed view of one unit, (b) bottom side showing flex interconnects.

7.4.2 Flexibility and Integration
To demonstrate mechanical compliance, the PCB was bent to check if it could
match the curvature of the FinRay finger, as shown in Figure 7.11. The flex sec-
tions allow repeated bending without damage, ensuring durability during finger
actuation.

Figure 7.11: Rigid-flex PCB in bent configuration, demonstrating compliance for
integration into soft FinRay fingers.
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Finally, Figure 7.12 illustrates the integration of the rigid-flex PCB into a
soft FinRay finger. The PCB is embedded along the inner surface of the fin-
ger, enabling multi-axis tactile sensing without compromising the finger’s passive
adaptability. The silicone skin (Mold Star 20A) provides a reflective cavity and
external contact interface; the housing registers the skin over each island while
minimizing added stiffness. Array positions align with high-probability contact
zones; flex-region bend radii meet copper/polyimide limits. Mechanical inter-
ference between silicon pillars was also considered during the finalization of the
array layout.

Figure 7.12: Soft FinRay finger with integrated rigid-flex PCB and LiVec sen-
sors with readout, enabling multi-axis tactile sensing while preserving structural
compliance.

7.5 Part III — Electronics, Firmware, and Data
Pipeline

7.5.1 Readout Architecture
Each LiVec element comprises an ADPD2140 light-angle sensor with two IR
LEDs, read by an ADPD1080 photometric front end. Multiple front ends are
addressed over I2C to a microcontroller (Teensy 4.1 in our prototype). The read-
out supports LED pulsing with synchronous demodulation to improve SNR and
ambient-light rejection. The rigid islands on the PCB host the optoelectronics,
while polyimide flex interconnects route I2C, LED drive, and power along the
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finger (see 7.10.

7.5.2 Timing and Sampling
We adopt a time-slotted acquisition across sensor elements. Within each slot,
LEDs are pulsed and the ADPD1080 samples the four ADPD2140 channels
(xL, xR, yT , yB); a dark (LED-off) sample may be inserted for ambient subtraction.
On the MCU, samples are timestamped, minimally filtered (median or moving-
average if needed), then streamed via USB to a host for logging and visualization.
The GUI refresh runs at human-friendly rates (e.g., 25–60 Hz), whereas acquisi-
tion can run substantially faster; data logging remains decoupled from plotting
to avoid I/O back-pressure.

7.5.3 Host Software and Visualization
A Python GUI (PyQt/pyqtgraph) renders time-series ofDX , DY , DZ and FX , FY , FZ

and a live 2-D contact map in the (DX , DY ) plane; intensity L scales the marker
size. A bias-capture button computes and subtracts steady offsets online (see
Algorithm 6). Data are buffered to CSV asynchronously to prevent UI stalls.
The GUI currently supports individual sensors and will be extended to handle
the full array, with data displayed using separate threads.

Algorithm 6 Online Bias Capture and Subtraction (per channel)
Require:
1: s(t): Streamed sensor data (DX , DY , DZ , FX , FY , FZ)
2: N : Window size for bias computation
3: bias_active: Boolean flag indicating if bias subtraction is enabled
4: function UpdateSensorStream(s(t))
5: if Bias button is pressed then
6: Accumulate last N samples for each channel
7: Compute mean µ over window
8: Store µ as bias vector
9: bias_active ← True

10: Log("Bias captured and activated")
11: end if
12: if bias_active then
13: s̃(t)← s(t)− µ ▷ Subtract bias
14: Output s̃(t)
15: else
16: Output raw s(t)
17: end if
18: end function
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7.6 Part IV — Calibration and Modeling
7.6.1 Planned Calibration Steps
The following steps outline the calibration and modeling procedure, which is cur-
rently in progress. These steps ensure accurate mapping from raw photocurrent
signals to displacement and force estimates across the full operating range:

1. Warm-up and ambient check: Acquire LED-off baselines to verify dark
current stability and ambient-light rejection.

2. Baseline intensity: Collect L̄ over an initial window (N ≈ 200 samples) to
normalize subsequent readings.

3. Planar contact tests: Apply center and offset indentations along X and Y
axes, stepped to peak loads within safe limits.

4. Cyclic loading: Perform multi-cycle loading to assess repeatability and drift
characteristics.

5. Model fitting and validation: Fit multivariate polynomial regressors for
(DX , DY , DZ) and (FX , FY , FZ) using normalized features, then validate on
held-out data.

7.6.2 Feature Normalization and Angle Ratios
For each sample, normalized features are computed as:

x = xL − xR

xL + xR

, y = yT − yB

yT + yB

, L = xL + xR + yT + yB.

x and y approximate horizontal and vertical light angles only within a small linear
region, while L correlates with axial compression. Normalizing channel values by
L̄ mitigates LED intensity variations and slow drifts.

7.6.3 Regression Models
Six independent polynomial models are planned:

(x1, x2, x3, x4, x5) =
(
xL

L̄
,
xR

L̄
,
yT

L̄
,
yB

L̄
,
L

L̄

)
7→ (DX , DY , DZ , FX , FY , FZ).

Model orders (3rd–4th) will be selected based on residual analysis to balance
accuracy and complexity. Coefficients will be embedded in firmware or host
software for real-time inference.
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7.6.4 Quality Metrics
Performance will be evaluated using:

• Root-mean-square error (RMSE) and mean absolute error (MAE) against
UTM references.

• Repeatability across cycles and offsets.

• Baseline stability and drift over time.

7.7 Discussion
7.7.1 Integration Benefits
The rigid-flex PCB approach enables embedding LiVec sensors into soft fingers
without compromising compliance. Compared to camera-based tactile sensors,
this solution offers:

• High temporal bandwidth for slip and vibration detection.

• Scalable architecture with low per-element compute cost.

7.7.2 Current Limitations
• Nonlinearity: Raw angle ratios are linear only within ±5◦; regression miti-

gates this but requires dense calibration.

• High-compression saturation: High Z compression may saturate optical
response; mechanical design and model clipping are needed.

• Generalization: Models trained on planar contacts may underperform on
complex geometries without additional data.

7.8 Conclusion
We presented the design and integration of LiVec light-angle sensing into soft
fingers using a custom rigid-flex PCB. The approach preserves finger compliance
while enabling multi-axis tactile sensing. Calibration and modeling steps are
underway to finalize displacement and force estimation across the full operat-
ing range. This architecture is compact, arrayable, and suitable for high-rate
acquisition, making it promising for slip-aware control and adaptive grasping in
industrial grippers.
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Future Work
Future research will focus on the following identified directions:

1. Sensor Calibration and Modeling: Complete the calibration of all inte-
grated sensors and validate regression models under diverse loading conditions.
This includes refining the mapping between optical signals and force/angle es-
timates to improve accuracy and robustness.

2. Optimization of Silicone Pillars: Conduct a systematic study of the me-
chanical and optical behavior of silicone pillars under different loading condi-
tions. Design parameters such as geometry, material hardness, and reflector
placement will be optimized to minimize variability and enable generalizable
regression models across multiple units.

3. Finalization of Integrated Finger Prototype: Complete the fabrication
and assembly of the soft finger with the embedded rigid-flex PCB, ensuring
robust mechanical integration, reliable electrical connections, and repeatable
sensor performance under realistic grasping scenarios.

4. Enhanced Interaction Scenarios: Extend the training dataset to include
non-planar contacts and dynamic interactions. Evaluate the system’s ability
to detect slip and vibration during realistic manipulation tasks, enabling more
adaptive and responsive control strategies.

5. Electronics and Layout Improvements: Optimize the PCB layout for
higher sensor density and improved readout solutions, reducing noise and la-
tency while maintaining compact form factors.

6. Closed-Loop Control Integration: Incorporate array-level sensing into the
universal gripper’s closed-loop control framework. This will enable real-time
adaptation of grasp strategies based on tactile feedback, improving perfor-
mance in unstructured environments.
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Chapter 8

Real-Time Path Correction
System for Industrial Robot
Coordination in
Human-Collaborative
Automotive Assembly

8.1 Introduction
This chapter presents the development and implementation of a real-time robot
control system for the KUKA KR 150 R3100-2 industrial manipulator, developed
within the context of the EU Horizon project SESTOSENSO. The work specifi-
cally addresses the automotive roof assembly task in confined cockpits, a scenario
characterized by occlusions, restricted workspaces, and high collision risk.

The solution leverages the Robot Sensor Interface (RSI) protocol to enable
online trajectory corrections, introduces velocity-based control strategies, enforces
interrupt-based stops and integrates with a UR10e collaborative robot mounted
on the KUKA flange. The UR10e, equipped with time-of-flight (ToF) sensors
and perception capabilities, contributes distributed proximity sensing. The two
robots are coordinated through ROS2 middleware, while human operators remain
actively in the loop.

My contribution focused on the KUKA side of the system: developing the
RSI-based Python control client, velocity regulation, safety stop protocols, and
operator GUI. This ensured the KR150 could adaptively coordinate with the
UR10e and human operator, validating SESTOSENSO’s vision of distributed
sensory systems for safe and efficient human–robot cooperative assembly.
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8.1.1 Motivation and Industrial Context
Modern automotive assembly operations increasingly require flexible automation
solutions that can operate safely alongside human workers while maintaining pro-
ductivity. The assembly of interior components, particularly roof panels within
vehicle cockpits, presents significant challenges: workers must maintain awkward
postures in confined spaces, coordinate with robotic systems that provide posi-
tioning assistance, and avoid collisions in visually occluded environments. Tra-
ditional safety systems based on external monitoring (safety scanners, light cur-
tains) prove inadequate in such confined spaces where line-of-sight is frequently
obstructed.

The SESTOSENSO project addresses these challenges through distributed
proximity and tactile sensing (ProxySKIN technology) embedded directly on
robotic systems. This chapter focuses on the control architecture developed for
the primary manipulator—a KUKA KR 150 R3100-2—which supports a UR10e
collaborative robot equipped with time-of-flight (ToF) proximity sensors. The
system must coordinate both robots, respond to obstacle detection in real-time,
and provide intuitive operator control while maintaining industrial safety stan-
dards.

8.1.2 Technical Objectives
The control system development targeted the following technical objectives:

1. Real-time path correction: Implement RSI-based corrections to pre-
programmed robot trajectories with real-time response times

2. Dual-mode control: Support both absolute target positioning and rela-
tive correction modes for different operational phases

3. Velocity control: Implement proportional control with adjustable gains
and saturation limits to ensure smooth movement

4. Emergency response: Develop interrupt-driven safety mechanisms trig-
gered by proximity sensor detection of obstacles

5. Intuitive interface: Develop a graphical user interface supporting manual
corrections, routine scheduling, logging, and system monitoring for KUKA
robot

6. Middleware integration: Enable coordination with the UR10e through
ROS2 communication architecture

7. Validate the system in authentic automotive assembly scenarios with human
workers present
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8.1.3 Application Context: Automotive Roof Interior As-
sembly

The automotive assembly process involves the installation of a soft roof interior
component into a Maserati Levante (body-in-white). This operation consists of
six distinct phases:

1. Roof Pickup: The KUKA robot, with UR10e cobot mounted on its flange,
moves to an overhead storage structure where soft roof is staged. The
KUKA’s vacuum gripper engages the roof component.

2. Roof Transport: The KUKA transports the gripped roof from the storage
structure toward the vehicle’s windscreen area, positioning for insertion.

3. Roof Insertion: The KUKA slowly inserts the roof through the windscreen
opening into the vehicle interior, moving to a predetermined insertion po-
sition inside the car.

4. Worker Verification and Clipping: With the roof held in position by
the KUKA, a human worker enters the vehicle to verify correct position-
ing. The RSI correction system enables real-time fine adjustments based
on worker feedback or sensor data. Once verified, the worker clips the roof
to temporary mounting points to prevent it from falling.

5. Tool Change: After the roof is clipped, the KUKA releases the vacuum
gripper and exits the vehicle. The robot moves to a tool changer station
where the UR10e’s end-effector is automatically changed from a gripper to
a screwdriver-like fastening tool.

6. Fastening Assistance: The KUKA re-enters the vehicle with the screw-
driver tool, and the UR10e assists the worker in fully fastening the roof to
its permanent mounting points. After completion, the KUKA returns to
the tool changer to switch back to the vacuum gripper and returns to the
roof storage structure, ready for the next assembly cycle.

The critical challenge addressed by this work is Phase 4, where the robot
must hold a precise position inside the confined vehicle interior while performing
real-time corrections for position corrections and obstacle avoidance with Human-
in-the-loop (HITL). Traditional fixed-trajectory programming cannot handle this
variability.
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8.1.4 Technology Selection: RSI vs Ethernet-KRL
KUKA provides two primary interfaces for external communication with the
KRC5 controller: Ethernet-KRL (E-KRL) and RSI. The selection between these
technologies significantly impacts system capabilities, complexity, and perfor-
mance.

8.1.4.1 Ethernet-KRL Overview

Ethernet-KRL extends the KRL programming language with TCP/IP socket
communication capabilities, enabling the robot program to exchange data with
external systems. Key characteristics include:

• Communication paradigm: Message-based, asynchronous socket com-
munication (client or server mode)

• Cycle time: Variable, typically 50–200 ms depending on network condi-
tions and message complexity

• Programming model: Messages handled within KRL program logic using
blocking or non-blocking socket operations

• Data format: Flexible (text, binary, custom protocols)

• Control authority: Low-level - external system sends high-level com-
mands (e.g., "move to position X"), but trajectory generation and execution
remain in KRL

8.1.4.2 Robot Sensor Interface Overview

RSI provides deterministic, low-latency coupling between external sensors or con-
trol systems and the robot’s interpolation cycle. Key characteristics include:

• Communication paradigm: Synchronous, cyclic exchange tightly cou-
pled to robot interpolator

• Cycle time: Deterministic cycle time depending on the sensor mode.
#IPO sensor mode: signal processing at sensor cycle rate of 12 ms or
#IPO_FAST sensor mode: signal processing at sensor cycle rate of 4 ms.

• Programming model: KRL activates RSI mode; external system sends
corrections every cycle via XML over UDP

• Data format: Standardized XML schema defined by KUKA

• Control authority: High-level - external system directly modifies Carte-
sian or joint space trajectories in real-time
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8.1.4.3 Decision Rationale

RSI was selected for due to three critical requirements:

1. Latency: The 12 ms deterministic cycle provides responsive corrections.
Ethernet-KRL’s 50–200 ms latency would create noticeable lag where the
robot continues moving after correction commands are issued.

2. Smoothness: RSI applies corrections incrementally at the interpolation
rate (83 Hz), resulting in smooth motion. Ethernet-KRL’s variable timing
causes discrete position jumps and visible jerkiness.

3. Direct trajectory control: RSI modifies the robot’s path every cycle,
enabling fine adjustments of ±1–2 mm. Ethernet-KRL can only send tar-
get positions, relying on the robot’s internal motion planner which cannot
achieve comparable precision.

8.1.4.4 Selected Architecture

A hybrid architecture leverages the strengths of multiple technologies:

• RSI: Real-time trajectory corrections and targets during Phase 4 (12 ms
cycle)

• KRL: Traditional programming for Phases 1, 2, 3, 5, 6, 7 with ability for
small corrections during waypoint trajectory motion using RSI

• ROS2: Multi-robot coordination and sensor integration

This approach uses RSI where its unique real-time capabilities are essential
while relying on proven KRL programming for standard motion sequences. Pure
RSI implementation would require reimplementing safety-certified motion plan-
ning, collision avoidance, and singularity handling - negating the benefits of using
an industrial robot controller. Pure Ethernet-KRL would result in unacceptable
latency and motion quality during operator-guided corrections.
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8.1.5 System Architecture Overview
The implemented system employs a split-control architecture where the KUKA
manipulator and UR10e cobot maintain independent control stacks coordinated
through a centralized task management layer. This approach was selected over
unified multi-robot control for several reasons:

• Safety preservation: Native safety features of each robot remain fully
functional

• Reliability: Proprietary real-time interfaces provide deterministic perfor-
mance

• Modularity: Independent control stacks simplify development, testing,
and maintenance

• Industrial compliance: Maintains compatibility with manufacturer-approved
control methods

The KUKA control architecture comprises three primary layers:

1. Low-level real-time control: RSI interface running on the KRC5 con-
troller (12 ms cycle time, 83 Hz)

2. Mid-level coordination: Python client managing RSI communication,
control, and safety

3. High-level supervision: GUI application providing interface for manual
corrections, routine scheduling, logging, and monitoring

The Overall system architecture is shown in 8.1. The architecture deliberately
separates concerns:

• KUKA controller: Executes programmed motion sequences, manages
safety systems, applies RSI corrections

• Python RSI client: Computes corrections based on operator commands
or sensor inputs, maintains 83 Hz communication with KUKA

• ROS2 nodes: Coordinate KUKA and UR10e behaviors, distribute prox-
imity sensor data, manage high-level task sequencing

• UR control box: Controls UR10e cobot, manages tool changing, inter-
faces with proximity sensors
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• GUI: Translates intent into RSI commands, displays system state, enables
manual corrections

The Python Control Client implements the RSI communication loop with the
KUKA KRC5 controller, operating at 83 Hz. While this client can be integrated
into a ROS2 node for multi-robot coordination, it is conceptually distinguished
in the system architecture because of its cycle-critical, real-time communication
role with the robot controller.

KUKA KRC5 

Controller

Robot Sensor Interface (RSI)

KUKA KR 150 

R3100-2

Python Control Client

(RSI Communication)

83 Hz

Python Control Client

(RSI Communication)

83 Hz

Graphical User Interface 

(KUKA)

ROS2 Middleware

(Multi-Robot Coordination)

UR Control Box

Real-Time Data Exchange

UR10e Cobot + ToF Sensors

Proximity

Sensor System
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(KUKA)
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(Multi-Robot Coordination)

UR Control Box

Real-Time Data Exchange
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Proximity

Sensor System

Figure 8.1: Overall system architecture showing the hierarchical control structure
with communication frequencies. The split-control approach maintains indepen-
dent robot controllers coordinated through ROS2 middleware.
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8.2 RSI Protocol and Configuration
8.2.1 RSI Protocol
The KUKA Robot Sensor Interface enables external systems to modify robot mo-
tion in real-time by providing correction values superimposed on the commanded
trajectory. The real-time sensor processing logic is developed using the graphical
editor RSIVisual within the KUKA WorkVisual engineering suite. This process
involves creating RSI contexts, which are configurations of interconnected RSI
objects to define the required signal flow and correctional algorithms.

The RSI Ethernet object supports:

• Cyclical transmission (Controller → External System): Position
data, axis angles, operating mode, step counter, and custom signals trans-
mitted parallel to program execution

• Cyclical transmission (External System → Controller): Sensor data,
correction commands, and control signals received parallel to program ex-
ecution

• Signal capacity: Up to 64 inputs and 64 outputs can be defined for the
ETHERNET RSI object. Input signals are sent to the external system;
data received from the external system are available at the output signals
within the KRL program.

Data exchange via Ethernet is implemented using the RSI object ETHERNET
defined in the robot controller’s configuration. This object handles UDP socket
communication, XML parsing/generation, and synchronization with the interpo-
lation cycle, abstracting low-level networking details from the KRL programmer.
The functional mechanism of data exchange through Ethernet is shown in Figure
8.2.
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Figure 8.2: Ethernet data transmission and reception functional mechanism

The KRC5 controller executes KRL (KUKA Robot Language) programs defin-
ing nominal waypoint sequences while simultaneously receiving correction com-
mands via UDP/IP communication at 83 Hz (12 ms interpolation cycle).
Each RSI cycle involves the following operations, as illustrated in Figure 8.3:

1. Controller transmission: Current robot state transmitted as XML packet

2. External computation: Client calculates corrections based on sensor data
and control objectives

3. Controller reception: Correction values received and applied to motion
interpolation

4. Motion execution: Corrected trajectory executed with built-in safety
monitoring

The client must complete steps 2–5 within approximately 10 ms to ensure
the response arrives before the next cycle begins. This tight timing constraint
necessitates efficient computation and precludes complex algorithms requiring
iterative optimization.
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Figure 8.3: RSI communication cycle showing the 12 ms synchronous exchange
between KUKA controller and Python client. This cycle operates continuously
during both superposed correction mode (Phases 1–3, 5–7) where corrections
modify the programmed path, and sensor-guided mode (RSI_MOVECORR()) where
corrections are the sole source of motion commands. The deterministic timing
ensures responsive control with total round-trip latency under 12 ms.
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The RSI ETHERNET object handles UDP socket communication, XML pars-
ing/generation, and interpolator synchronization, with data transmission occur-
ring parallel to KRL program execution, the flow shown in Figure 8.4.

Figure 8.4: Parallel execution flow of RSI and KRL

8.2.2 RSI Operating Modes and Configuration
The system utilizes RSI in two distinct operating modes, selected based on the
operational phase requirements. This dual-mode architecture enables both safe
pre-programmed motion and flexible operator-guided positioning within a single
continuous RSI session.

8.2.2.1 RSI Configuration Parameters

The RSI system is configured with the following parameters in the KRL initial-
ization:

• Correction mode: #RELATIVE - corrections are incrementally integrated
into the robot position

• Correction type: POSCORR - Cartesian correction (not axis-specific)

• Correction coordinate system: #BASE - corrections interpreted in the
base coordinate frame

• Integration coordinate system: #BASE - relative corrections accumu-
lated in base frame
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The relative correction mode was selected because corrections must persist
across motion segments. In absolute mode, corrections would reset when transi-
tioning between waypoints, causing discontinuous motion. The BASE coordinate
system provides a stable, world-fixed reference suitable for vehicle body posi-
tioning tasks. In relative mode, correction values are integrated into an overall
correction vector that modifies the robot’s position throughout the program ex-
ecution. If a +10 mm correction is applied in the X direction, this offset persists
through subsequent motion segments until explicitly modified or cleared by new
correction commands.

8.2.2.2 Superposed Correction Mode (Phases 1, 2, 3, 5, 6, 7)

During programmed KRL motion sequences, RSI operates in superposed cor-
rection mode. In this mode, the robot follows pre-programmed teach points
while the external system can apply small trajectory adjustments.

1 DEF RoofInsertion ()
2 INT ret
3

4 ; Activate RSI with relative corrections in BASE frame
5 ret = RSI_ON (# RELATIVE , , ,#BASE)
6

7 ; Phase 1: Programmed motion with superposed
corrections

8 PTP HOME
9 LIN RoofPickup

10 ; vacuum gripper engages roof
11

12 ; Phase 2-3: Transport and insertion
13 LIN TransportStart
14 LIN WindscreenApproach
15 LIN InsertionPoint
16 WAIT SEC 0.5 ; Settle before sensor - guided mode
17

18 ; [Phase 4 code - see Listing ~\ ref{lst: movecorr }]
19

20 ; Phase 5-7: Continue with superposed corrections
21 LIN ExitPosition
22 ; ... additional waypoints ...
23

24 ret = RSI_OFF ()
25 END

Listing 8.1: RSI initialization in KRL program
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In superposed correction mode:

• The robot follows the programmed path defined by teach points

• Correction values from the Python client are superposed on the planned
trajectory

• Small adjustments (±5–10 mm typically) can compensate for:

– Vehicle body positioning variations
– Roof dimensional tolerances
– Dynamic obstacle avoidance (proximity sensor inputs)

• Motion continues to the programmed end point even if corrections are ap-
plied

The listing above uses canonical KRL motion commands (PTP for point-to-
point, LIN for linear Cartesian motion) to illustrate the program structure. The
actual implementation mostly employs SPTP (Spline Point-to-Point) commands
generated by KUKA WorkVisual, which provide smooth, dynamically optimized
trajectories with advanced blending between waypoints. The motion type does
not affect RSI operation, corrections are applied identically regardless of whether
the programmed path uses PTP, LIN, CIRC, or SPTP commands.

The superposed mode provides a safety advantage: if the external system fails
or sends zero corrections, the robot continues executing its programmed path.
This fail-safe behavior is critical for industrial applications where communication
faults must not cause unpredictable robot behavior.

178



8.2 RSI Protocol and Configuration

8.2.2.3 Sensor-Guided Motion Mode (Phase 4)

Phase 4 requires fundamentally different behavior, the robot must hold position
without advancing to a programmed waypoint while allowing commanded adjust-
ments. This is achieved using the RSI_MOVECORR() command, which activates
sensor-guided motion mode.

1 ; Phase 4: Worker verification and clipping
2 LIN InsertionPoint
3 WAIT SEC 0.5 ; Settle before switching modes
4

5 ; Enter sensor - guided mode - no programmed endpoint
6 RSI_MOVECORR ()
7

8 ; Robot now controlled entirely by RSI corrections
9 ; Python client sends target positions or incremental

corrections
10 ; $MOVECORR flag is TRUE , visible in RSI XML as

Movecorr_flag
11 ; Motion continues until client sets stop_flag to exit
12

13 WAIT FOR NOT $MOVECORR ; Block until client signals
completion

14

15 ; $MOVECORR is now FALSE , continue to Phase 5
16 WAIT SEC 0.3
17

18 ; Phase 5: Tool change sequence
19 ; vacuum gripper release
20 LIN ExitPosition

Listing 8.2: Sensor-guided motion in Phase 4

In sensor-guided mode (RSI_MOVECORR()):

• The robot has no programmed destination and it moves purely based
on RSI commands

• The system variable $MOVECORR is set to TRUE, which is transmitted to the
Python client via the Movecorr_flag field in the RSI XML

• The Python client can implement two control strategies:

1. Target mode: Client computes corrections as u = Kp(xtgt−xcurr) to
drive the robot toward an absolute target position
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2. Correction mode: Client sends relative incremental corrections di-
rectly (e.g., "+5 mm in Y") based on operator input

• Motion continues indefinitely until the client sets the stop_flag in the RSI
response XML, which causes $MOVECORR to transition to FALSE

• This mode is ideal for Phase 4 where the operator dictates position through
commands or where sensor feedback requires continuous position adjust-
ment

The RSI_MOVECORR() command transitions the robot into sensor-guided mode
where it has no programmed destination and moves purely based on RSI correc-
tions from the Python client. The WAIT FOR NOT $MOVECORR statement blocks
program execution until the external system sets the stop flag, at which point
the controller clears $MOVECORR to FALSE and execution continues to Phase 5.
As with Listing 8.1, the actual implementation uses SPTP commands, but LIN is
shown here for clarity. The motion type is irrelevant during RSI_MOVECORR(),
the robot’s position is entirely determined by external corrections regardless of
the preceding or following motion commands.

The distinction between these modes is critical:

• Superposed corrections adjust a planned path—the robot has a des-
tination

• Sensor-guided motion has no path—the robot goes wherever the RSI
corrections direct it

8.2.2.4 Mode Transition Behavior

The transition between superposed and sensor-guided modes is handled automat-
ically by the KUKA controller with state synchronization to the Python client:

1. The robot executes programmed motion in superposed mode

2. Robot reaches the waypoint InsertionPoint (end of Phase 3)

3. KRL program calls RSI_MOVECORR()

4. The controller sets $MOVECORR system variable to TRUE

5. This state is transmitted to the Python client via Movecorr_flag in the
next RSI cycle (within 12 ms)

6. The Python client detects the transition and activates appropriate control
logic:
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• Operator correction controls are enabled (GUI/Terminal/ROS Inter-
face)

• Control system switches from "passive monitoring" to "active position-
ing"

• Initial target position is captured for target mode operation

7. Worker performs verification and commands position adjustments

8. When Phase 4 is complete (worker clips roof), operator signals completion
through GUI

9. Python client sets stop_flag in the RSI response XML

10. Controller clears $MOVECORR to FALSE (within 12 ms)

11. WAIT FOR NOT $MOVECORR statement in KRL unblocks

12. Robot continues to Phase 5 with programmed motion (superposed mode
resumes)

This seamless transition enables the hybrid control architecture where most
motion follows safe, pre-programmed paths, but Phase 4 provides full operator
authority over positioning. The 12 ms state transition time ensures responsive
mode switching without delay.

8.3 Control Algorithms
8.3.1 Control Modes Within Sensor-Guided Operation
During sensor-guided motion (RSI_MOVECORR()), the Python client implements
two control modes selectable by the operator.

8.3.1.1 Target Mode

In target mode, the operator specifies an absolute Cartesian target position xtgt ∈
R6 in BASE coordinates. The Python client implements a proportional controller
that computes corrections to drive the robot toward this target:

ui = sat[−umax,i, umax,i]
(
Kp(xtgt,i − xcurr,i)

)
(8.1)

where:

• xcurr: current robot position from RSI state data
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• xtgt: target position set by operator

• Kp = 0.005: proportional gain

• umax,i: velocity saturation limits per axis:

umax,i =

0.05 mm/cycle i ∈ {X, Y, Z} → vmax = 4.17 mm/s
0.025 deg/cycle i ∈ {A,B,C} → ωmax = 2.08 deg/s

(8.2)
Algorithm 8.1 details the target mode control law.

Algorithm 8.1 Proportional Control with Axis-Dependent Saturation (Target
Mode)
Require:
1: xtgt: Target pose (6-DOF, BASE frame)
2: xcurr: Current pose from RSI
3: Kp = 0.005
4: Linear saturation: umax = 0.05 mm/cycle
5: Angular saturation: umax = 0.025 deg/cycle

Precondition: Active when a manual target is set (i.e., at least one component of xtgt is
nonzero).

6: function ComputeCorrections(xtgt, xcurr)
7: u← [0, 0, 0, 0, 0, 0]T
8: if NoManualTarget(xtgt) then
9: return u ▷ Matches code path that outputs zeros if no manual target

10: end if
11: for i ∈ {X,Y, Z} do ▷ Linear axes (mm)
12: ei ← xtgt,i − xcurr,i

13: utmp ← Kp · ei

14: ui ← Sat[−umax, umax](utmp)
15: end for
16: for i ∈ {A,B,C} do ▷ Angular axes (deg)
17: ei ← ShortestAngleDiff(xtgt,i, xcurr,i)
18: utmp ← Kp · ei

19: usat ← Sat[−umax, umax](utmp)
20: if i = A then
21: ui ← usat
22: else ▷ i ∈ {B,C} use inverted sign
23: ui ← −usat
24: end if
25: end for
26: return u
27: end function

Sign Convention. For axes B and C, the correction sign is inverted to match
KUKA RSI orientation handling.
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Velocity-Limited Behavior. Although the control law is based on position
error, the robot never receives absolute positions. Instead, the client sends small
incremental corrections at each RSI cycle (83 Hz). This makes Target Mode effec-
tively a velocity-limited proportional controller, where the maximum achievable
speed is determined by the saturation limit and RSI frequency:

vmax = umax · fRSI = 0.05 mm/cycle× 83.33 Hz ≈ 4.17 mm/s (8.3)

This conservative speed ensures safe operation in confined spaces, such as vehicle
interiors.

8.3.1.2 Angular Correction Wrapping

Angular corrections require special handling to ensure the shortest rotational
path. The Python client uses a normalization function to wrap angular errors
into the range [−180◦, 180◦]. Algorithm 8.2 implements the angle normalization
function.

Algorithm 8.2 Shortest-Angle Difference (Angular Error Normalization)
1: function ShortestAngleDiff(θtgt, θcurr)
2: ∆← θtgt − θcurr
3: while ∆ > 180 do
4: ∆← ∆− 360
5: end while
6: while ∆ < −180 do
7: ∆← ∆ + 360
8: end while
9: return ∆

10: end function
Example:
θcurr = 30◦, θtgt = −10◦ (equivalently 350◦)
Raw difference: ∆ = −10− 30 = −40◦ (already in range)
Normalized: −40◦ (correct shortest path)
Without normalization: using 350◦ instead of −10◦ would give +320◦ (wrong direction)

Figure 8.5 illustrates the angular wrapping concept.
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Figure 8.5: Angular wrapping and shortest path calculation. When the current
angle is 30° and the target is -10° (equivalently 350°), the shortest rotational
path is -40° (counterclockwise) rather than +320° (clockwise). The normalization
function ensures the controller always selects the minimum rotation.

8.3.1.3 Correction Mode

In correction mode, the operator directly commands incremental position adjust-
ments through the GUI (e.g., "move +10 mm in Y direction"). This mode is
activated via the correction AXIS VALUE command in the GUI/command line
interface (CLI)/ROS2 Interface. The Python client computes a temporary target
position relative to a reference captured when the correction is first commanded:

his mode is activated via the correction AXIS VALUE command. Internally,
the client computes a temporary target:

xtgt,i = xinitial
curr,i + ∆i (8.4)

where ∆i is the user-specified correction for axis i and xinitial
curr,i is the pose at the

moment the correction command was issued.
The control law remains proportional (as in target mode) but incorporates a

ramp-up factor λ for smooth motion onset:

ui = λ · sat[−umax,i, umax,i]
(
Kp(xtgt,i − xcurr,i)

)
, λ ∈ [0, 1] (8.5)

where λ prevents sudden motion when corrections are initiated. The ramp-up
factor evolves according to:
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λ(k + 1) = min (1.0, λ(k) + ∆λ) , λ(0) = 0.001, ∆λ = 0.001 (8.6)

This gradual ramp reaches full magnitude after approximately:

Cycles = 1.0− 0.001
0.001 ≈ 999, Duration = 999

83.33 Hz ≈ 12 s.

However, if the commanded correction is small, the robot will typically reach
the target before λ reaches 1.0, so the full 12 s ramp is rarely observed.

Velocity Limits in Correction Mode To provide more responsive operator
control while maintaining safety during manual adjustments, correction mode
uses higher velocity limits than target mode:

• Linear axes (X, Y, Z): umax = 0.7 mm/cycle → vmax = 58.3 mm/s

• Angular axes (A, B, C): umax = 0.35 deg/cycle → ωmax = 29.2 deg/s

These limits are 14× higher than target mode for both linear (0.05 mm/cycle)
and angular (0.025 deg/cycle) corrections, allowing responsive operator control.
Despite this increase, the system operates with significant safety margins: only
1.9% of maximum Cartesian velocity ( 3000 mm/s) and 11–28% of maximum
joint velocities (105–260 deg/s for axes A1–A6). The ramp-up factor further
ensures smooth motion onset, preventing abrupt movements when corrections
are initiated.

Ramp-Up Effect on Motion. If the correction target is far, the error remains
large for many cycles, so the ramp-up factor λ continues to increase until it
reaches 1.0. At that point, the controller applies the full proportional correction
(up to the saturation limit), achieving the maximum allowed speed. Conversely,
if the correction target is near, the error decreases quickly. Even with λ < 1.0,
the proportional term Kp · e becomes small, so the commanded correction drops
toward zero before the ramp finishes. The robot reaches the target without ever
hitting full speed.

Algorithm 8.3 formalizes the correction mode implementation.
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Algorithm 8.3 Correction Mode with Ramp-Up (Aligned with Implementation)
Require:
1: ∆: Operator-commanded correction (per-axis; zero if inactive)
2: xcurr: Current robot pose (from RSI)
3: xref : Reference pose (captured when a new correction command is issued)
4: λ ∈ [0, 1]: Ramp-up factor

Context: Active during Phase 4 while RSI_MOVECORR() is running.
5: function ApplyCorrectionWithRampUp(∆, xcurr, xref , λ)
6: if a new correction AXIS VALUE command is received then
7: xref ← xcurr ▷ Capture reference at command time
8: λ← 0.001 ▷ Initialize ramp factor
9: end if

10: u← [0, 0, 0, 0, 0, 0]T
11: for i ∈ {X,Y, Z,A,B,C} do
12: if ∆i = 0 then
13: continue ▷ Axis inactive; no correction
14: end if
15: if i ∈ {A,B,C} then ▷ Angular axes (deg)
16: xtgt,i ←WrapTo±180

(
xref,i + ∆i

)
17: ei ← ShortestAngleDiff

(
xtgt,i, xcurr,i

)
18: umax ← 0.35 ▷ deg/cycle → 29.2 deg/s at 83 Hz
19: utmp ← Kp · ei where Kp = 0.005
20: usat ← Sat[−umax, umax](utmp)
21: if i = A then
22: ui ← λ · usat
23: else ▷ i ∈ {B,C} use inverted sign
24: ui ← −λ · usat
25: end if
26: if |ui| < 0.001 then ▷ Optional convergence check
27: ∆i ← 0 ▷ Clear completed correction
28: end if
29: else ▷ Linear axes (mm)
30: xtgt,i ← xref,i + ∆i

31: ei ← xtgt,i − xcurr,i

32: umax ← 0.7 ▷ mm/cycle → 58.3 mm/s at 83 Hz
33: utmp ← Kp · ei where Kp = 0.005
34: ui ← λ · Sat[−umax, umax](utmp)
35: if |ui| < 0.0001 then ▷ Optional convergence check
36: ∆i ← 0 ▷ Clear completed correction
37: end if
38: end if
39: end for
40: if λ < 1.0 then
41: λ← min(1.0, λ+ 0.001) ▷ Increment per cycle at 83 Hz
42: end if
43: return u, λ, ∆ ▷ Updated corrections and ramp factor
44: end function
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Figure 8.6 shows the ramp-up factor evolution.

Figure 8.6: Ramp-up factor λ evolution in correction mode, showing gradual
increase from 0.1% to 100% over approximately 12 seconds (1000 cycles at 83
Hz). The ramp-up prevents sudden motion onset when commanded corrections
are initiated, ensuring smooth and safe robot behavior when a worker is present
inside the vehicle. Note that target mode does not use ramp-up—corrections are
applied immediately at full magnitude.

8.3.2 Saturation Characteristics
The velocity saturation function limits the maximum correction applied per cy-
cle, ensuring predictable motion regardless of position error magnitude. This
mechanism serves two critical purposes: (1) safety: preventing excessive veloci-
ties that could endanger workers in the confined vehicle interior, and (2) smooth
convergence: automatically reducing speed as the robot approaches the target
position.

Figure 8.7 illustrates the saturation behavior for both control modes, along
with example trajectories demonstrating the motion profiles resulting from large
position commands.

8.3.2.1 Saturation Threshold Analysis

The saturation threshold is the error magnitude at which the controller transitions
from proportional to constant-velocity behavior is determined by the ratio of
velocity limit to proportional gain:
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Figure 8.7: Saturation characteristics and motion profiles for both control modes.
Top: Saturation curves showing the relationship between position error and
applied correction. The linear region (shaded) exhibits proportional control
(u = Kpe), while the saturated region enforces maximum velocity limits. Target
mode saturates beyond ±10 mm error; correction mode saturates beyond ±140
mm. Bottom-left: Target mode trajectory for a 50 mm position command,
showing constant velocity (4.17 mm/s) during saturation, followed by propor-
tional deceleration in the final 10 mm. Bottom-right: Correction mode tra-
jectory for a 200 mm position command, showing gradual ramp-up (first 12 s),
constant maximum velocity (58.3 mm/s), and proportional deceleration over the
final 140 mm.
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esat = umax

Kp

(8.7)

For the implemented control parameters:

Target Mode:

• Velocity limit: umax = 0.05 mm/cycle → vmax = 4.17 mm/s

• Saturation threshold: esat = 0.05/0.005 = 10 mm

• Behavior: Errors beyond ±10 mm result in constant 4.17 mm/s motion.
Within ±10 mm, velocity decreases proportionally, reaching near-zero as
the robot approaches the target.

Correction Mode:

• Velocity limit: umax = 0.7 mm/cycle → vmax = 58.3 mm/s

• Saturation threshold: esat = 0.7/0.005 = 140 mm

• Behavior: After ramp-up completes, errors beyond ±140 mm result in
constant 58.3 mm/s motion. Within ±140 mm, velocity decreases propor-
tionally over a much longer approach distance than target mode.

8.3.2.2 Motion Profile Characteristics

The trajectory examples in Figure 8.7 demonstrate the practical implications of
saturation:

Target Mode (50 mm command):

1. Constant velocity phase (0–10 s, 0–40 mm): Robot moves at maximum
velocity (4.17 mm/s) while error exceeds 10 mm. The proportional con-
troller commands higher velocities (uraw = Kp · 50 = 0.25 mm/cycle), but
saturation limits the actual correction to 0.05 mm/cycle.

2. Proportional deceleration (10–25 s, 40–50 mm): As error drops below 10
mm, the robot enters the linear region where u = Kpe without saturation.
Velocity decreases smoothly: at 5 mm error → 2.08 mm/s; at 1 mm error
→ 0.42 mm/s.

3. Convergence (25 s, 50 mm): Robot settles to within ±0.5 mm of target
with negligible residual motion. No overshoot occurs due to the purely
proportional control law.
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Correction Mode (200 mm command):

1. Ramp-up phase (0–12 s, 0–12 mm): The ramp factor λ increases from
0.1% to 100%, gradually accelerating the robot despite the controller com-
manding saturated corrections. This prevents sudden motion onset when
the operator initiates a large correction.

2. Constant velocity phase (12–18 s, 12–60 mm): With λ = 1.0 and error
exceeding 140 mm, the robot moves at maximum velocity (58.3 mm/s).
The 14× higher velocity limit compared to target mode enables responsive
operator control.

3. Proportional deceleration (18–23 s, 60–200 mm): As error drops below
140 mm, velocity decreases proportionally over a much longer distance than
target mode. This extended deceleration zone (140 mm vs. 10 mm) provides
smoother motion at higher speeds.

4. Convergence (23 s, 200 mm): Robot settles smoothly without overshoot.

8.3.2.3 Design Rationale

The divergent saturation thresholds reflect the distinct operational contexts:
Target mode (conservative, esat = 10 mm):

• Intended for automatic convergence to user-verified positions

• Low maximum velocity (4.17 mm/s) prioritizes safety when worker is veri-
fying position

• Tight linear region (±10 mm) enables precise final positioning

• No ramp-up required—target is already validated before motion begins

Correction mode (responsive, esat = 140 mm):

• Intended for direct operator manipulation via GUI

• Higher maximum velocity (58.3 mm/s) provides responsive motion

• Wide linear region (±140 mm) allows smooth deceleration from higher
speeds

• Ramp-up compensates for higher velocity potential, preventing jerky mo-
tion onset

• Operator maintains control authority—can stop motion at any time
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The saturation mechanism ensures that even with large position errors (e.g.,
200 mm), the robot never exceeds safe velocity limits. This bounded behavior
is critical for human-robot collaboration in confined spaces where unpredictable
high-speed motion could endanger workers. The proportional deceleration in the
linear region provides smooth, predictable approach to the target position without
requiring explicit velocity profiling or trajectory planning.

8.3.3 Mode Relationship Summary
Table 8.1 summarizes the relationship between RSI operating modes and control
system modes across the assembly cycle.

Table 8.1: Relationship between RSI modes, KRL program phases, and control
system modes.

KRL Phase RSI Mode Control System Behavior

Phases 1, 2, 3, 5, 6, 7 Superposed
correction

Python client sends zero or mini-
mal corrections. Robot follows pro-
grammed path. Small corrections
applied only for obstacle avoidance
or drift compensation.

Phase 4
(target positioning)

Sensor-guided
(MOVECORR)

Target mode: Operator specifies
absolute target position. System
drives robot to target using propor-
tional control.

Phase 4
(incremental adjustment)

Sensor-guided
(MOVECORR)

Correction mode: Operator com-
mands incremental adjustments.
Ramp-up ensures smooth motion
onset.

During Phases 1–3 and 5–7, the Python client typically sends zero or near-zero
corrections, allowing the robot to follow its programmed path with full safety
certification active. However, the superposed correction capability provides a
valuable safety layer: if proximity sensors detect obstacles or if minor path ad-
justments are needed, the client can send corrections without interrupting the
motion sequence or triggering a safety stop. These corrections are automatically
integrated into the BASE coordinate system and persist through subsequent way-
points due to the #RELATIVE mode configuration.
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Phase 4 is the only phase where RSI_MOVECORR() is active, giving the Python
client full authority over robot positioning for the duration of worker verifica-
tion and clipping operations. This authority operates in two distinct operator-
controlled sub-modes:

• Target mode (absolute positioning): The operator specifies a complete 6-
DOF target position xtgt. The proportional controller then drives the robot
smoothly toward this target with conservative velocity limits, suitable for
precise final positioning. This mode is ideal when the operator knows the
desired final position and wants the system to handle the trajectory.

• Correction mode (incremental adjustment): The operator commands in-
dividual axis adjustments (e.g., +10 mm in Y, -5 deg in C). Each correction
is applied relative to a reference position captured when the correction is ini-
tiated. Higher velocity limits provide responsive control, while the ramp-up
mechanism prevents sudden motion onset by gradually increasing control
authority from 0.1% to 100% over approximately 12 seconds. This mode
is ideal for iterative fine-tuning where the operator adjusts individual axes
based on visual feedback.

The key distinction is control paradigm: target mode requires the operator
to specify where to go, while correction mode allows the operator to specify how
much to move. Both are bounded by velocity saturation and the RSI configura-
tion’s maximum correction range (typically ±50 mm per axis), ensuring that even
with full external control authority, the robot cannot make dangerous high-speed
movements or exceed safe position limits. The combination of velocity saturation,
ramp-up (in correction mode), and correction range limits provides defense-in-
depth safety for human-robot collaboration in the confined vehicle interior.

8.4 Communication Protocol Implementation
8.4.1 XML Data Exchange Format
RSI communication uses XML-formatted messages exchanged via UDP. The con-
troller transmits robot state data, and the client responds with correction com-
mands. Both messages include an IPOC (Interpolation Cycle) timestamp for
synchronization.

8.4.1.1 Controller to Client (State Data)
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1 <Rob Type="KUKA">
2 <RIst X=" 1523.45 " Y=" 834.12 " Z=" 1205.33 "
3 A="45.2" B=" -12.8" C="90.5" />
4 <AIPos A1="23.4" A2="45.6" A3=" -30.2"
5 A4="12.1" A5="67.8" A6=" -15.3" />
6 <Step >12458 </Step >
7 <Movecorr_flag >1</ Movecorr_flag >
8 <AnOut_1 >99</ AnOut_1 >
9 <IPOC >1678234567890 </IPOC >

10 </Rob >

Listing 8.3: RSI state transmission from controller

Key fields:

• RIst: Cartesian position (X, Y, Z in mm; A, B, C in degrees)

• AIPos: Axis positions A1–A6 (joint angles in degrees)

• Step: Cycle counter (increments each 12 ms)

• Movecorr_flag: State of $MOVECORR (0=superposed mode, 1=sensor-guided
mode)

• AnOut_1: Routine number for coordination (99=idle, 1–n=active routines)

• IPOC: Timestamp for synchronization (microseconds)
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8.4.1.2 Client to Controller (Corrections)

1 <Sen Type=" ImFree ">
2 <RKorr X="0.025" Y=" -0.012" Z="0.008"
3 A="0.0" B="0.0" C="0.0" />
4 <Routine >99</ Routine >
5 <DiO >0</DiO >
6 <IPOC >1678234567890 </IPOC >
7 </Sen >

Listing 8.4: RSI correction response from client

Key fields:

• RKorr: Cartesian corrections (mm and degrees per cycle)

• Routine: Routine number echo for coordination

• DiO: Digital output (0=continue MOVECORR, 1=stop MOVECORR)

• IPOC: Echo of received timestamp
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8.4.2 Main Control Loop
The Python client implements a continuous control loop that maintains the 83
Hz communication cycle. Algorithm 8.4 presents the main loop structure.

Algorithm 8.4 Main RSI Control Loop
Require:
1: UDP socket bound to port 59152
2: Connection timeout: 3 seconds
3: Packet timeout: 0.5 seconds
4: function MainControlLoop
5: connected← False
6: while running do
7: data, addr ← ReceiveUDP(timeout=0.5s)
8: if data = None then
9: if time since last packet > 3s then

10: connected← False
11: LogWarning("Connection lost")
12: end if
13: continue
14: end if
15: connected← True
16: state← ParseXML(data)
17: Extract: xcurr, step, movecorr_flag, routine, IPOC
18: if movecorr_flag = 1 then ▷ Sensor-guided mode active
19: if target mode enabled then
20: u← ComputeTargetCorrections(xtgt, xcurr) ▷ Alg. 8.1
21: else ▷ Correction mode enabled
22: u, λ← ApplyCorrectionWithRampUp(∆, xcurr, xref , λ) ▷ Alg. 8.3
23: end if
24: else ▷ Superposed mode
25: u← ComputeSuperposedCorrections()
26: end if
27: routine_num← UpdateRoutineState(routine) ▷ Alg. 8.5
28: xmlresponse ← CreateResponseXML(u, routine_num, stop_flag, IPOC)
29: SendUDP(xmlresponse, addr)
30: UpdateGUI(xcurr, u, movecorr_flag, connected, step)
31: end while
32: end function

The main loop continuously monitors for incoming RSI packets from the
KUKA controller. Upon receiving a packet, the loop:

1. Parses state data: Extracts current position, mode flags, and routine
status

2. Determines control mode: Checks movecorr_flag to distinguish be-
tween superposed and sensor-guided modes
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3. Computes corrections: Applies appropriate control algorithm (target
mode, correction mode, or superposed)

4. Manages routines: Updates routine state machine for task coordination

5. Sends response: Packages corrections into XML and transmits via UDP

6. Updates GUI: Refreshes operator interface with current state

The 0.5-second packet timeout ensures responsive detection of communica-
tion failures, while the 3-second connection timeout prevents false alarms from
momentary network jitter. If no packets are received for 3 seconds, the system
transitions to a disconnected state and logs a warning, but does not halt and
the KUKA controller continues executing its programmed motion in superposed
mode with zero corrections.

8.4.3 Routine Management
The routine management system coordinates trajectory sequencing between the
controller and client through a handshaking protocol. Algorithm 8.5 details this
coordination.

Algorithm 8.5 Routine Management Protocol
Require:
1: Rnum: Current routine number (client state)
2: Rqueue: Pending routine queue (operator commands)
3: Rflag: User-initiated flag (0=acknowledged, 1=new request)
4: AnOut1: Controller’s routine status (from RSI XML)
5: function UpdateRoutineState(AnOut1)
6: if AnOut1 = 99 and Rnum ̸= 99 and Rflag = 0 then
7: Rnum ← 99 ▷ Controller completed routine, return to idle
8: Log("Routine completed, controller idle")
9: else if |Rqueue| > 0 and Rnum = 99 then

10: Rnum ← Rqueue.pop() ▷ Load next routine from queue
11: Rflag ← 1 ▷ Mark as new user-initiated request
12: Log("Starting routine", Rnum)
13: else if Rflag = 1 and Rnum = AnOut1 then
14: Rflag ← 0 ▷ Controller acknowledged routine
15: Log("Routine", Rnum, "acknowledged by controller")
16: end if
17: return Rnum ▷ Routine number to send in XML response
18: end function

The routine management protocol implements a three-state handshaking mech-
anism:
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1. Idle state (Rnum = 99, AnOut1 = 99): Both client and controller are idle.
Client can initiate new routines from the queue.

2. Request state (Rnum ̸= 99, Rflag = 1): Client has requested a new rou-
tine but controller has not yet acknowledged. Client continues sending the
routine number in every RSI response until acknowledgment.

3. Active state (Rnum ̸= 99, Rflag = 0, AnOut1 = Rnum): Controller is
executing the requested routine. Client monitors for completion (controller
returns to AnOut1 = 99).

This protocol ensures reliable routine sequencing. The handshaking prevents
scenarios where:

• The client issues a new routine before the controller completes the previous
one

• The controller misses a routine request due to packet loss
Figure 8.8 illustrates the state transitions.

8.4.4 Error Handling and Robustness
The communication protocol includes several mechanisms for handling failures:

Packet Loss Handling UDP is inherently unreliable, but RSI tolerates occa-
sional packet loss due to:

• High frequency: At 83 Hz, losing 1–2 packets per second results in <2%
data loss

• Stateless corrections: Each correction is independent; missing one packet
does not corrupt subsequent cycles

• Controller interpolation: The KUKA controller interpolates between
received corrections, smoothing over brief gaps

Experimental validation showed packet loss rates below 0.01% on the dedi-
cated Ethernet network, well within acceptable bounds.

Timeout and Reconnection If no packets are received for 3 seconds:
• Client transitions to disconnected state

• Upon receiving next packet, connection automatically reestablishes

• No manual intervention required for transient network issues
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Figure 8.8: Routine management state machine implementing the handshaking
protocol described in Algorithm 8.5. The system transitions between three states:
IDLE (both client and controller idle), REQUEST (client sent routine, await-
ing acknowledgment), and ACTIVE (controller executing routine). The client
variable Rnum represents the current routine (99 = idle), Rflag indicates whether
a routine is user-initiated (1) or acknowledged (0), and the controller’s AnOut1
variable reflects its routine status. Self-loops show conditions under which states
persist: IDLE waits for queued commands, REQUEST repeatedly sends routine
number until acknowledged, and ACTIVE monitors for completion. The hand-
shaking ensures reliable sequencing without race conditions, preventing scenarios
where the client issues new routines before the controller completes previous ones.
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Invalid Data Handling The XML parser validates incoming data:

• Malformed XML: Log error, skip packet, continue

• Missing fields: Use previous valid values

• Out-of-range values: Clamp to safe limits before processing

This defensive approach prevents single corrupted packets from crashing the
control system.

8.5 Graphical User Interface
The GUI provides comprehensive control and monitoring capabilities for the RSI
correction system. The interface is organized into functional tabs: Target Mode,
Correction Mode, Routine Control, and Status.

8.5.1 Interface Architecture
The GUI employs a multi-threaded architecture to maintain responsiveness dur-
ing high-frequency RSI communication (83 Hz). A dedicated UI update thread
refreshes displays at 5 Hz, decoupled from the main RSI control loop to prevent
blocking. This separation ensures that GUI operations which may take 50–100
ms for complex rendering do not interfere with the deterministic 12 ms RSI cycle.

8.5.2 Control Modes
8.5.2.1 Target Mode Interface

Target mode allows operators to specify absolute Cartesian positions. The inter-
face (Figure 8.9) provides:

• Individual axis input fields (X, Y, Z, A, B, C) with unit indicators

• "Use Current" button to capture the robot’s current position as the target

• Real-time position error display (xtgt − xcurr)

• "Set Target" action button to activate proportional control
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Figure 8.9: The developed Python GUI operating in Target Mode. This interface
enables users to define absolute target coordinates for the KUKA manipulator.
Upon target confirmation, the proportional controller (Algorithm 8.1) computes
real-time correction commands that continuously drive the end-effector toward
the desired position.
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8.5.2.2 Correction Mode Interface

Correction mode provides incremental position adjustment controls:

• Incremental adjustments for each axis

• Real-time display of cumulative corrections relative to reference position

• "Apply Correction" commits pending adjustments with ramp-up

• "Reset" clears all corrections and returns to reference position

• "Stop MOVECORR" exits sensor-guided mode, returning to programmed
motion

The interface abstracts the underlying control algorithms, presenting only
application-relevant controls. User think in terms of "move the roof 5 mm to the
left" rather than "apply +5 mm correction in negative Y direction,".

8.5.3 Status Monitoring
The Status tab provides real-time system monitoring:

• Connection indicator: Visual status (green = connected, red = discon-
nected, yellow = degraded)

• Current position table: Live 6-DOF pose with 0.1 mm / 0.01° resolution

• Mode indicators: Current RSI mode (superposed / sensor-guided) and
control sub-mode (target / correction)

• MOVECORR flag: Boolean indicator synchronized with controller’s $MOVECORR
variable

• Ramp-up factor: Current value of λ ∈ [0, 1] during correction mode
operation

• Cycle statistics: Packet count, average cycle time, packet loss rate

The status display updates at 5 Hz, providing operators with sufficient feed-
back for manual control tasks while avoiding the visual fatigue that would result
from 83 Hz updates. Critical events (connection loss, mode transitions, routine
completion) trigger immediate GUI updates outside the regular refresh cycle.
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8.5.4 Routine Management Interface
The Routine Control tab enables task sequencing through a simple interface to
set the routine relevant number (e.g., "1: Roof Pickup", "2: Roof Insertion", "3:
Tool Change"). Selecting a routine queues it for execution, with the handshaking
protocol (Algorithm 8.5) ensuring reliable communication with the KUKA con-
troller. A status indicator shows the current routine state: Idle (99), Requested
(pending acknowledgment), or Active (executing).

8.5.5 Design Rationale
The GUI design prioritizes simplicity over flexibility. Rather than expos-
ing low-level parameters (gains, saturation limits, timeout values), the interface
presents task-oriented controls that allows easy operation and debugging. Ad-
vanced parameters are configured in the Python control client’s initialization and
are not modifiable through this interface, preventing inadvertent misconfiguration
that could compromise safety or performance.

The multi-threaded architecture ensures that even during computationally
intensive operations (e.g., exporting data logs), the RSI control loop maintains
its 83 Hz cycle without jitter.

8.6 Integration with ROS2 Middleware
8.6.1 Multi-Robot Coordination Architecture
The system employs ROS2 for coordinating the KUKA KR 150 and UR10e robots
while maintaining independent low-level control loops. The Python RSI client
for the KUKA operates as a ROS2 node, publishing robot state and subscribing
to coordination commands, while the UR10e operates through its native ROS2
driver. This distributed architecture enables coordinated task execution without
tight coupling between robot controllers.

8.6.2 ROS2 Node Implementation
The KUKA RSI interface is implemented as the KukaRsiNode using a multi-
threaded architecture with ROS2’s MultiThreadedExecutor:

• Main thread: Handles ROS2 callbacks and service requests

• Communication thread: Manages 83 Hz UDP communication with KUKA
controller
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• Thread synchronization: Mutex-protected shared state prevents race
conditions

The node publishes robot state information and provides services for external
coordination. Table 8.2 summarizes the key ROS2 interfaces.

Table 8.2: ROS2 interfaces provided by the KUKA RSI node.

Interface Type Description

Published Topics

/current_pose PoseStamped Current TCP position/orientation
/connection_status Bool RSI connection state
/current_step Int32 Active waypoint number

Services

/routine_send RoutineSend Queue numbered routines
/corr_send CorrSend Send axis corrections
/stop_send StopSend Trigger emergency stop

Custom message and service definitions are provided in the test_package_interfaces
package, with robot descriptions adapted from the kuka_experimental reposi-
tory (StoglRobotics-forks, ROS2 Humble branch).

8.6.3 Tool Change Coordination
Automatic tool changing between the vacuum gripper and screwdriver (Phase 5)
is coordinated through routine-based sequencing:

1. KUKA moves to tool changer position (teach point) and stops (Routine 5
completes)

2. ROS2 coordinator monitors KUKA’s current_step topic, detecting arrival
at tool changer

3. UR10e executes tool change sequence:

• Align end-effector with tool interface
• Mechanical push-in engagement/release (passive, no digital I/O)
• Retract to safe position
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4. Upon UR10e completion, coordinator sends next routine to KUKA via
routine_send service

5. KUKA resumes motion (Routine 6 begins)

Tool changing between the vacuum gripper and screwdriver is fully mechanical
(passive push-in). Coordination relies on routine sequencing: KUKA moves to a
predefined tool-change position and stops; ROS2 detects routine completion and
triggers the UR10e tool-change sequence. After UR10e finishes, the next KUKA
routine is sent via routine_send

8.6.4 Proximity-Based Emergency Response
The UR10e’s ToF proximity sensors trigger graduated emergency responses through
hardwired digital I/O connections to the KUKA controller. Two digital outputs
from the UR controller connect to digital inputs 1 and 2 of the KUKA KR C5:

Warning Zone (Input 1): When an obstacle is detected at a safe distance
(typically 200–500 mm):

• UR10e sets digital output 1 HIGH → KUKA input 1 triggered

• KUKA reduces velocity to 5% through the $OV_PRO system variable (pro-
gram override)

• Robot continues executing programmed trajectory at reduced speed

• When obstacle clears, UR10e sets output 1 LOW → $OV_PRO returns to
100% (within 12 ms)

Danger Zone (Input 2): When an obstacle is detected at critical proximity
(typically <200 mm):

• UR10e sets digital output 2 HIGH → KUKA input 2 triggered

• KUKA immediately brakes and holds position

• All motion ceases until obstacle clears

• When safe, UR10e sets output 2 LOW → KUKA resumes motion from
stopped position

• Programmed trajectory continues from interruption point (no re-teaching
required)
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This graduated response strategy (slow → stop) provides defense-in-depth
safety. The hardwired digital I/O connection ensures sub-50 ms response latency,
independent of ROS2 communication timing. Both warning and danger responses
preserve the programmed trajectory—the robot does not abort or require manual
repositioning after an emergency event.

Figure 8.10 shows the timing diagram for a typical emergency sequence.

Figure 8.10: Emergency response sequence timing showing graduated response to
obstacle detection. When an obstacle enters the warning zone, Input 1 triggers
velocity reduction (5% speed). If the obstacle continues into the danger zone,
Input 2 triggers complete stop. Total response time from detection to velocity
reduction is approximately 50 ms (sensor processing) + 15 ms (digital I/O propa-
gation) + 12 ms (KUKA cycle) approximately 80 ms. The robot resumes normal
operation when the obstacle clears, continuing its programmed trajectory with-
out requiring manual intervention.

When the obstacle clears (Input 1 returns to LOW), the KUKA controller
restores $OV_PRO to 100% within one control cycle (12 ms). The robot then
accelerates smoothly back to full programmed velocity according to its configured
acceleration limits (typically 1–3 m/s2), reaching 100% speed in approximately
200–300 ms. This gradual acceleration is handled entirely by the KUKA’s internal
motion planner and requires no external trajectory profiling.
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8.6.5 Task Coordination Timeline
The complete six-phase assembly operation is coordinated through a combination
of routine-based sequencing and state monitoring. Table 8.3 summarizes the
coordination mechanisms for each phase.

Table 8.3: ROS2 coordination mechanisms across assembly phases.

Phase KUKA Activity ROS2 Coordination

1–3 Pickup, transport, in-
sertion

KUKA executes Routines
1–3 autonomously. ROS2
monitors current_step for
progress tracking.

4 Hold position for worker KUKA in RSI_MOVECORR()
mode. Python client (ROS2
node) sends corrections based
on GUI commands.

5 Tool change KUKA stops at tool changer
(Routine 5 complete). ROS2
detects completion, triggers
UR10e tool change sequence,
then sends Routine 6 to
KUKA.

6–7 Fastening, return home KUKA executes Routines
6–7. Proximity sensors (Input
1/2) provide real-time safety
via hardwired I/O.

8.6.6 Performance Characteristics
The ROS2 integration adds minimal overhead to the underlying RSI communi-
cation:

• RSI cycle time: 12 ms (unchanged from standalone Python client)

• ROS2 publishing frequency: 10 Hz for state topics (sufficient for coor-
dination)
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• Service call latency: 15–35 ms (non-critical path, does not affect RSI
timing)

• Emergency I/O latency: <80 ms (sensor detection to velocity change)

• Thread synchronization overhead: <1 ms per cycle (mutex operations)

The multi-threaded architecture ensures that ROS2 callback processing (which
may take 20–50 ms for complex operations) does not interfere with the determin-
istic 12 ms RSI communication cycle. This separation of concerns is critical for
maintaining real-time performance while providing standard ROS2 interfaces.

8.6.7 Safety Architecture
The distributed safety architecture provides multiple layers of protection:

1. Hardware layer: Hardwired digital I/O for immediate emergency re-
sponse (Input 1/2)

2. Controller layer: KUKA’s native safety systems remain active (workspace
limits, singularity avoidance, cell limits-configured)

3. Middleware layer: ROS2 watchdog monitors connection status, triggers
safe stop if communication lost

4. Application layer: RSI correction limits (±50 mm) and velocity satura-
tion prevent excessive motion

8.7 Experimental Validation
8.7.1 Test Environment and Setup
Validation experiments were conducted at the University of Genoa robotics lab-
oratory in collaboration with Centro Ricerche Fiat (CRF). The test environment
consisted of an authentic Maserati Levante chassis mounted on a stationary fix-
ture, providing realistic geometric constraints and interior dimensions for the roof
installation task.

Figure 8.11 shows the complete system configuration. The KUKA KR 150
R3100-2 robot (150 kg payload, 3100 mm reach) is equipped with a UR10e col-
laborative robot (12.5 kg payload) mounted on its flange via a custom fixture.
Moreover, a vacuum gripper is mounted on the UR10e for grasping the soft roof.

207



8.7 Experimental Validation

Figure 8.11: Experimental test setup at University of Genoa DIME laboratory.
The KUKA KR 150 robot with flange-mounted UR10e operates on a Maserati
Levante chassis. The ToF proximity sensors mounted on the UR10e enable ob-
stacle detection. Testing was conducted in collaboration with Centro Ricerche
Fiat (CRF) as part of the SESTOSENSO project industrial validation campaign.
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The combined system provides the dexterity required for manipulation within
the confined vehicle interior while maintaining sufficient reach and payload ca-
pacity for handling the roof component.

Table 8.4 summarizes the experimental configuration.

Table 8.4: Experimental test environment configuration.

Component Specification

Primary robot KUKA KR 150 R3100-2 (150 kg payload, 3100 mm
reach)

Secondary robot Universal Robots UR10e Cobot (12.5 kg payload, 1300
mm reach)

Workpiece Maserati Levante interior soft roof
Vehicle chassis Maserati Levante body (white chassis on fixed fixture)
Vacuum Gripper Schmalz FXP series of vacuum area gripping systems
Tool Changer Triple A robotics- Wingman tool changer kit
Sensors ProxySKIN technology based network integrating 60

ToF sensors and over 4,400 pressure sensors on UR10e
Environment University of Genoa robotics lab, controlled lighting
Collaboration Centro Ricerche Fiat (CRF), SESTOSENSO project

8.7.2 System Operation Demonstration
The complete six-phase assembly operation was demonstrated successfully through
multiple test cycles. Figure 8.12 shows the seven-phase temporal coordination di-
agram for the collaborative automotive roof insertion task, showing synchronized
activities of the KUKA KR 150, UR10e cobot, and human worker from initial
pickup through transport, insertion, worker verification with RSI corrections, tool
changes, collaborative fastening, and return to home position.

The system successfully demonstrated:

• RSI dual-mode operation: Seamless transitions between superposed cor-
rection (Phases 1–3, 5–7) and sensor-guided motion (Phase 4) with sub-12
ms mode switching latency
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Figure 8.12: Timeline diagram illustrating the seven-phase coordination sequence
for the collaborative roof insertion task in automotive assembly. (a) Phase 1:
KUKA retrieves roof component from overhead storage with vacuum gripper
engaged. (b) Phase 3: KUKA inserts roof through windscreen opening into
vehicle interior, navigating the confined 50 mm clearances. (c) Phase 4: KUKA
holds position in sensor-guided mode (RSI_MOVECORR()) while operator verifies
positioning and applies temporary clips. (d) Phase 5: Automatic tool change at
tool changer station—UR10e switches from gripper to screwdriver. (e) Phase 6:
KUKA with screwdriver tool assists operator in permanent fastening operations.
(f) Phase 7: KUKA returns to home position after tool change back to gripper.
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• Operator-guided positioning: Workers commanded six-degree-of-freedom
corrections during Phase 4, achieving positioning accuracy sufficient for
manual clipping operations

• Automatic tool changing: The UR10e successfully executed gripper-
to-screwdriver transitions through mechanical push-in engagement, coordi-
nated via ROS2 routine sequencing

• Human-robot collaboration: Workers safely entered the vehicle inte-
rior during Phase 4 (holding) and Phase 6 (fastening assistance) without
requiring safety cages or light curtains

• Trajectory persistence: The #RELATIVE correction mode in BASE frame
maintained position continuity across all waypoint transitions throughout
the 100+ second cycle

8.7.3 Proximity-Based Obstacle Avoidance
The graduated emergency response system (warning zone → danger zone) was val-
idated through controlled obstacle introduction experiments. Figure 8.13 shows
the proximity sensor response during operation.

The proximity detection system successfully:

• Detected obstacles in the warning zone (200–500 mm), triggering automatic
velocity reduction to 5% through hardwired digital I/O (Input 1)

• Detected critical proximity (<200 mm), triggering immediate stop through
Input 2

• Resumed programmed motion automatically upon obstacle clearance with-
out operator intervention

• Maintained trajectory continuity—no waypoint re-teaching or program restart
required after emergency events

Total response latency from obstacle detection to velocity change was mea-
sured at approximately 80 ms (sensor processing + I/O propagation + controller
cycle), well within acceptable bounds for human-collaborative operations where
typical human reaction time exceeds 200 ms.

8.7.4 SESTOSENSO Project Demonstrations
The complete system was demonstrated successfully as part of the SESTOSENSO
project’s final validation campaign, which included:

211



8.7 Experimental Validation

Figure 8.13: Proximity-based obstacle avoidance demonstration. A worker comes
into the KUKA’s workspace during programmed motion (Phase 3). The ToF sen-
sors on the UR10e detect the intrusion, triggering graduated response: warning
zone detection (200–500 mm) reduces velocity to 5% via Input 1, while danger
zone detection (<200 mm) triggers complete stop via Input 2. The robot contin-
ues its programmed trajectory after obstacle removal (person leaves the warning
zone) without requiring manual repositioning or program restart.
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• Major Demonstration (Project Milestone): Full assembly cycle demon-
strated to project consortium reviewers, industrial partners (CRF, automo-
tive OEMs), and EU project evaluators. The system completed multiple
consecutive cycles showcasing all six phases, RSI mode transitions, auto-
matic tool changing, and human-robot collaboration.

• Mini Demonstrations: Focused demonstrations highlighting specific ca-
pabilities:

– RSI correction modes (target and correction) with operator GUI con-
trol

– Proximity sensor integration and graduated emergency response
– Tool change sequencing and routine management

The demonstrations validated the system’s readiness for industrial deploy-
ment, with particular emphasis on:

• Robustness to dimensional variations (vehicle body positioning, roof com-
ponent tolerances)

• Safe human-robot collaboration without physical barriers

• Integration compatibility with existing automotive assembly workflows

Feedback from automotive industry representatives (CRF engineers, assem-
bly line supervisors) confirmed the practical applicability of the approach for
variant-rich production with HITL scenarios where traditional fixed-trajectory
programming is insufficient.

8.7.5 Observed System Performance
While comprehensive quantitative metrics were not collected during the demon-
stration phase, the following qualitative performance characteristics were ob-
served:

• Cycle time: Approximately 100–120 seconds for complete six-phase oper-
ation (varies with native robot speed and operator verification duration in
Phase 4)

• Positioning accuracy: Operator-commanded corrections in Phase 4 achieved
positioning tolerance sufficient for manual clipping operations

• Communication reliability: No RSI communication failures observed
during demonstration sessions (each 2–3 hours duration)
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• Mode transition smoothness: No perceptible discontinuities observed
during superposed and sensor-guided mode transitions

• Tool change reliability: 100% success rate for automatic tool changing
across all demonstration cycles (>30 tool changes total)

These observations confirm the system’s technical feasibility for the targeted
application, though rigorous statistical validation would be required for produc-
tion deployment.

8.8 Conclusions
This work demonstrates that industrial robots with real-time external interfaces
can be adapted for dynamic, human-collaborative assembly tasks through a hy-
brid control architecture combining programmed motion with sensor-driven cor-
rections.

This work demonstrates that industrial robots equipped with real-time exter-
nal interfaces can be effectively adapted for dynamic, human–collaborative as-
sembly tasks through a hybrid control architecture that integrates programmed
motion with continuous, sensor-driven corrections.

8.8.1 Key Achievements
1. Dual-Mode RSI Control Architecture The developed system employs
KUKA RSI in two complementary modes: superposed corrections during pro-
grammed motion (Phases 1–3 and 5–7) and sensor-guided control for operator-
commanded positioning (Phase 4). A key design insight was maintaining RSI
continuously active, rather than enabling it only for discrete phases. This al-
lowed incremental compensation of dimensional deviations throughout the task
cycle, enhancing robustness in variable assembly conditions.

2. Practical Implementation for Industrial Deployment The pro-
portional velocity control with saturation ensures smooth, predictable motion,
safe for operation in human-shared workspaces. A ramp-up mechanism prevents
abrupt starts, enabling operator trust and compliance with collaborative safety
standards.

3. Intuitive User Interface The developed Python GUI abstracts the
complexity of six-degree-of-freedom control into intuitive, task-level commands.
This design prioritizes usability for non-specialist operators, aligning with the
goals of Industry 5.0 human-centered automation.
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4. Multi-Robot Coordination Architecture Through ROS2-based mid-
dleware, seamless coordination was achieved between heterogeneous robotic sys-
tems—a KUKA KR150 R3100-2 and a UR10e mounted on its flange while pre-
serving their independent safety and control layers. This architecture enables
synchronized, cooperative behavior essential for hybrid assembly tasks.

5. Industrial Validation The full system was successfully validated on
an authentic Maserati Levante assembly setup at the University of Genoa in
collaboration with CRF as part of the EU Horizon SESTOSENSO project. These
demonstrations confirmed both technical feasibility and industrial applicability
of the approach in realistic automotive scenarios.

8.8.2 Open Questions and Future Directions
This work focused on feasibility demonstration rather than comprehensive eval-
uation. Key open questions for future research:

• Statistical validation: What are the true success rates, positioning ac-
curacy distributions, and cycle time variability across hundreds of cycles
with production-level conditions (worker fatigue, environmental variations,
component quality variations)?

• Generalization limits: At what point do dimensional variations exceed
RSI’s correction range, necessitating vision-based localization? How does
performance degrade as uncertainty increases?

• Learning potential: Can correction profiles be learned from historical
data to improve performance on specific vehicle variants or compensate for
systematic errors?

8.8.3 Future Enhancements
Several extensions would enhance system capabilities:

Algorithmic Improvements

• Model Predictive Control for multi-step trajectory optimization, particu-
larly during Phase 3 insertion where current reactive control could benefit
from predictive path planning

• Adaptive gain scheduling based on distance-to-target or phase context

• Learning-based correction profiles from historical data
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Sensor Integration

• Vision-based vehicle body localization for automatic registration, eliminat-
ing manual fixture alignment

• Force/torque sensing for contact detection and compliant insertion during
Phase 3

• Additional proximity sensors on KUKA for more sensing coverage and
added accuracy

Generalization Studies

• Application to non-automotive domains (aerospace assembly, shipbuilding,
construction)

Production Readiness

• Statistical validation with 100+ cycles per vehicle variant

• Failure mode analysis and recovery procedures item Establish performance
benchmarks

8.8.4 Closing Remarks
The SESTOSENSO demonstration validates that sophisticated adaptive behavior
can be achieved with industrial robots while maintaining the safety, reliability,
and determinism expected in production environments. The key insight is that
real-time external control (RSI) enables flexible automation without requiring
complete reimplementation of robot control, the existing safety-certified motion
planning, , and workspace monitoring remain active while external corrections
compensate for any geometric or environmental uncertainty.

For practitioners seeking to implement similar systems, this work establishes
that:

• Standard industrial robots with real-time interfaces (like RSI) are sufficient
for adaptive automation

• Conservative control strategies (proportional, velocity-saturated) provide
adequate performance for human-collaborative tasks

• Maintaining continuous RSI operation throughout the task cycle maximizes
correction capability
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• Operator interface design is critical—abstraction and task-oriented controls
enable adoption by non-experts

• Reliable multi-robot coordination can be achieved through standard mid-
dleware (ROS2)

The SESTOSENSO project demonstrations confirmed industrial interest in
this approach for variant-rich production scenarios. While further validation is
required before progressing towards production deployment, the research estab-
lishes a strong foundation for next-generation, flexible automation architectures
that combine safety, adaptability, and human-centric design.
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Chapter 9

Conclusions

9.1 Summary of Findings
This thesis addressed the growing demand for robotic manipulation systems that
combine mechanical precision, adaptive compliance, and intelligent sensing to
meet Industry 4.0 and 5.0 requirements. Two research streams were pursued:

1. The design, enhancement, and sensorization of a universal industrial gripper
with hybrid rigid–soft architecture.

2. The development of real-time control strategies for human–robot collabo-
rative assembly within the EU Horizon SESTOSENSO project.

The universal gripper integrates a Chebyshev–parallelogram linkage with self-
adaptable TPU fingers, achieving near-perfect linear motion (±0.033 mm) and a
mechanical advantage of 6.06:1. Independent actuation via JVL stepper motors
and sensorless control strategies enabled reliable grasping without dedicated force
sensors. Systematic enhancements transitioning from a four-bar to a six-bar
linkage with compliant pads eliminated rigid link interference, improved wrapping
capability by 74%, and increased payload capacity from 3 kg to 7.5 kg.

9.2 Key Contributions
• Hybrid Gripper Architecture Study: Modular design combining rigid

precision and soft adaptability, validated on a COMAU 6-DOF robot.

• Mechanical Enhancement Study: Six-bar linkage with compliant pads
for adaptive envelope grasps and expanded grasping diameter.
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• Multi-Modal Sensorization:

1. Vision-based sensing with embedded camera for force estima-
tion (RMSE < 0.54 N), Z-displacement tracking (RMSE < 0.46 mm),
slip detection (28.5 Hz), and position classification (95% accuracy).

2. Resistive sensors via multi-material FDM for contact and bending feed-
back.

3. Light-angle sensor array integrated through rigid-flex PCB for dis-
tributed tactile sensing.

• Industrial Control Integration: Real-time coordination of KUKA KR150
and UR10e robots using KUKA RSI and ROS2 within the EU Horizon SES-
TOSENSO project, enabling safe human–robot collaboration in automotive
assembly.

9.3 Industrial Relevance
The outcomes directly support Industry 4.0/5.0 objectives by enabling flexible,
perception-driven automation. The universal gripper demonstrated reliable ma-
nipulation of objects ranging from fragile items to heavy automotive components,
while sensorization strategies provide a pathway toward intelligent, adaptive man-
ufacturing systems.

9.4 Limitations and Challenges
Despite significant advancements, certain limitations remain:

• Vision-based sensing performance is sensitive to environmental lighting vari-
ations.

• Resistive sensors exhibit thermal drift during extended operation.

• Light-angle sensor array integration requires further calibration for dynamic
tasks.

9.5 Future Research Directions
Building on this work, future research should focus on:
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• Developing robust illumination and enclosure strategies for vision-based
sensing.

• Exploring advanced materials and compensation algorithms to mitigate
thermal drift in resistive sensors.

• Completing calibration and modeling of light-angle sensor arrays for high-
resolution tactile feedback.

• Extending real-time control strategies by incorporating imitation learning
approaches and AI-driven adaptive grasp planning.

9.6 Closing Remarks
This research advances the state of the art in hybrid gripper systems by integrat-
ing rigid precision, soft adaptability, and intelligent sensing within an industri-
ally validated framework. The thesis contributions pave the way for safer, more
efficient human–robot collaboration and flexible automation in next-generation
manufacturing environments.
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