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Abstract

This thesis concerns key aspects of robotic teleoperation, focusing on haptic feedback
and edge computing paradigms. Our aim is to analyse the interaction of a remotely

operated robot with its environment using haptic data.

We leverage a probabilistic approach to explore the signal-level characteristics of
haptic signatures observed during robot-environment interaction to develop insights
into the magnitude of information content embedded within haptic signals. The
robot’s feedback is modelled as a Markov process to analyse its entropy. Next,
mutual information is utilized to understand the degree of correlation in the signals.
The set of experiments is performed in two settings, viz., without any robot-object

interaction and with robot-object interaction across different 3D objects.

Owing to direct physical interaction with the objects, haptic feedback data is ex-
pected to be rich in embedding the object information, prompting inquiries into its
potential for discerning the information about the structural type of the objects. In
this context, we curate a novel haptic dataset of 58 objects, both in physical and
simulated space, varying in shape, size, and material. Leveraging machine learning
techniques, we address the problem of estimating the shape of 3D objects using hap-
tic signatures. Next, we present a novel data augmentation technique to synthesize
new haptic signatures that bring about variability in the curated dataset. We cval-
uate the augmentation mechanism and present insights from the results concerning

shape detection from haptic data.

Furthermore, it is important to comprehend the essential characteristics of kinaes-
thetics in order to determine its capability of quantifying the intent of the human
user who controls the robot’s state with an exoskeleton glove via a network in the
framework of bilateral teleoperation. To mitigate the effect of channel delays, it
is desired to synthesize a compact representation of the human input, as its intent,
ahead of time. We present an estimation and prediction mechanism that generates a
predicted intent within a specified prediction window, leveraging an attention-based
convolutional encoder network. In addition, considering the significant advance-
ments in vision-based approaches in recent years, this part of our study aims to
compare data obtained through vision and haptic feedback, specifically focusing on

quantifying human intent as a usecase.



Finally, this thesis investigates the feasibility and limitations of edge analytics for
facilitating bilateral teleoperation. By examining scenarios encompassing both au-
tonomous and non-autonomous robotic systems, the research elucidates the poten-
tial benefits of edge computing in enhancing the efficiency and standardization of
teleoperation frameworks. Through rigorous experimentation and analysis, it pro-
vides a comprehensive understanding of the potential and limitations of haptic-based
teleoperation systems, paving the way for advancing the role of edge analytics in

teleoperation paradigms.
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Abbreviations

Al Artificial Intelligence

AR Augmented Reality

ARH Allegro Robotic Hand

CLE Compact/Latent Encoding
CNN Convolution Neural Network

CWL Condition With Load
DHG Dexmo Haptic Glove

DL Deep Learning

DOF Degree Of Freedom

DTree Decision Tree

EPS Entropy Per Sample

ETSI European Telecommunications Standards Institute
GRU Gated Recurrent Unit

HG Haptic Glove

iCLAP  Iterative Closest Labeled Point

IMU Inertial Measurement Unit

K-NN K-Nearest Neighbour

LSTM Long Short Term Memory

MAE Mean Absolute Error

MEC Mobile Edge Computing

MECH  Mobile Edge Computing Host

MECO  Mobile Edge Computing Orchestrator
MECP  Mobile Edge Computing Platform
ML Machine Learning

MLP Multiple Layer Perceptron

MSE Mean Squared Error
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Abbreviations

XX

nD
NLD
NN
OROS
PC
PCA
RBF
RH
RNN
ROS
RTNP
SD
SDG
SLAM
SVM
UALCM
UE
URLLC
VR

n dimensional

No Load Condition

Neural Network

Orchestrating Robotic Operating System
Principal Component

Principal Component Analysis

Radial Basis Function

Robotic Hand

Recurrent Neural Network

Robot Operating System

Real-Time Messaging Protocol

Standard Deviation

Synthetic Data Generation

Simultaneous Localization And Mapping
Support Vector Machine

User Application Life-cycle Management
User Equipment

Ultra-reliable Low Latency Communications
Virtual Reality



Symbols

[1x]], x|

S

denotes " object in physical space

denotes " object in simulated space

denotes joint space configuration of Dexmo Haptic Glove
denotes joint space configuration of Allegro Robotic Hand
denotes set of Real numbers

denotes set of positive Integers

denotes cross-entropy loss function

denotes retargeting algorithm

denote L1 norm of x

denotes L2 norm of x

denotes n dimensional vector
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