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A B S T R A C T

Swallowing is a complex physiological process transporting food or saliva from the

mouth to the stomach, aided by peristaltic waves in the esophagus, generated by Central

Pattern Generators (CPGs). Esophageal cancer can cause esophageal stricture, which

distresses lumen patency, leading to dysphagia. Esophageal strictures can be addressed

by implanting an endoprosthetic stent in the esophagus, which can hold open the

esophagus and provide relief to patients. However, stent migration due to its interaction

with the continuous peristaltic waves, is a significant shortcoming of concern to the

patients. Stent Radial Force (RF), force applied by the stent on the esophageal lumen, is

a crucial design parameter of a stent for maintaining the in situ lumen patency, which

is, unfortunately, still an unknown parameter due to the poorly understood association

of the RF and clinical outcomes.

In robotics, biological and natural phenomena continue to be a vital source of inspi-

ration for researchers in developing proficient robots. With the demand for studying

various biological processes, designing robots capable of soft and continuous interaction

with the environment has led to soft robotics. In this research, a bio-inspired Robotic

Soft Esophagus (RoSE) with embedded sensing capability has been developed as an al-

ternative platform for conducting stent testing under various bolus swallow conditions.

Like its biological counterpart, RoSE can generate peristalsis waves of different speeds

and wavelengths to push the bolus forward.

The research is divided into two parts, where the first part focuses on proving the

capability of RoSE in providing an alternative platform for stent testing in the presence of

food bolus. The second part centers on embedded sensing and Machine Learning (ML)

based modeling and control of RoSE to enhance the stent testing capabilities.

The compliant nature of RoSE makes it a suitable platform for deploying stents of var-

ious shapes and designs. RoSE has a stack of regular and repeating layers of pneumatic

hollow chambers, arranged axis-symmetrically throughout its length, controlled by air

pressure to achieve various actuation patterns. This unique feature of RoSE makes it

a perfect choice for conducting stent RF testing under food bolus swallow conditions.

Food boluses of varying consistencies were prepared by using an artificial starch thick-

ener. Experimental validation for two candidate stents, stent A and B (mean radial

stiffness of 1.55 ± 0.24, 3.13 ± 0.53 Nmm−1), respectively), were performed, and their

v



respective change in RF with conduit diameter and the impact of RF on their migration

was recorded with and without food bolus. In the initial state of RoSE, stent A has

reported a low RF of 0.33 ± 0.01 N compared to stent B (18.22 ± 0.60 N), which results

in a higher stent A migration relative to stent B. The results proved the capability of

RoSE in performing stent RF and migration testing under food bolus swallow.

For studying the impact of stenting on bolus swallow efficacy in terms of Intra-

Bolus Presssure Signature (IBPS), endoscopic manometry tests were performed on

the RoSE with different peristalsis trajectories and artificial food boluses. Additionally,

experiments were also conducted to analyze the influence of stent dysfunctionality on

swallow efficacy by measuring IBPS and its gradient. The presence of stiffer stent B has

significantly reduced the IBPS from 4.15 ± 1.00 to 1.3 ± 0.43 kPa. The experimental

results have shown the successful usability of RoSE in performing food bolus swallow

efficacy tests in the presence of stents.

In the absence of any embedded sensor in RoSE and limited conduit visibility, Quarter-

Robotic Soft Esophagus (QRoSE) was developed, and motion capture experiments by

placing retroreflective markers were performed on it. The x, y, and z-axis movement

of the markers were recorded in datasets. A data-driven model, explicitly defining the

underlying Differential Equations (DEs) of RoSE dynamics, was identified by applying

several ML techniques. The DEs were finally validated with the results of articulography

and capacitive sensor array experiments on RoSE. The applied methodology can be

extended to other soft robotics systems, and unlike other ML models, the identified

model is not a blackbox model.

To enhance the capability of RoSE further, Robotic Soft Esophagus version 2.0 (RoSEv2.0)

was developed with an embedded Time of Flight (TOF) sensing feature to measure

its conduit deformation. With the integration of TOF sensors, a closed-loop control

system in the form of Model Predictive Control (MPC) was established in RoSEv2.0 to

govern the peristalsis profile autonomously. Since the MPC design methodology can

be extended to any other soft-robotic application; thus, MPC was also implemented

to control RoSEv2.0 air chamber pressure by following the same procedure. Peristalsis

waves of speed 20 mm.s−1, wavelength 75 mm, and amplitudes 5, 7.5, and 10 mm

were successfully generated by the MPC. Additionally, the newly designed RoSEv2.0 with

MPC was employed to perform stent migration testing with food boluses of varying

consistencies to prove the enhancement in the capability of RoSEv2.0.
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Part I

T H E I N S P I R AT I O N

"Take up one idea. Make that one idea your life – think of it, dream of it, live on

that idea. Let the brain, muscles, nerves, every part of your body be full of that idea,

and just leave every other idea alone. This is the way to success.”

–Swami Vivekananda





1
I N T R O D U C T I O N

1.1 biologically-inspired soft robotics

Picture Baymax hugging and squeezing Hiro in the Disney movie Big Hero 6 with

hard-bodied arms. The movie would not have been so enjoyable with Hiro lying on

a hospital bed. Softness and compliance are two notable features that make humans

and animals capable of interacting efficiently in a complex environment. Thus, in the

field of robotics, biological processes and systems have always been a great source of

inspiration for engineers in developing more capable robots. Even though traditional

robots are well researched and investigated, they are as yet unable to adequately fulfill

the requirements of the interactions needed in variable and unpredictable working

states.

Although the capabilities of the conventional rigid-bodied robots have seen a lot of

significant development, the demand for studying various biological processes and

developing systems which are capable of soft and continuous interaction with the

environment has led many researchers to open the gateway of a new field of research

known as soft robotics [1]. In the previous couple of years, the area of soft robotics has

progressed toward becoming a well characterized discipline with working practices.

Soft robotics is an area where the robots are designed by using soft and compliant

materials. The advantage of soft robots over rigid body counterparts involve infinite

degrees of freedom and different movements [2]. Robots which can completely mimic

various biological process can be developed by combining multiple functional units

strategically to act as a single unit, which generates smooth actions and adaptability to

different environmental conditions. Some of the advantages of soft robots are contin-

uous body motion, large-scale deformation, safe human-robot cooperation, minimal

effort production [3], [4], and basic manufacture with negligible coordination [4].

In rigid body control, locomotion can be described by six degrees of freedom, however

in soft bodied robots, movement is not limited to planar motions. Due to the bending,

buckling, wrinkling, stretching, twisting and compressing nature of the soft materials,

developing a control system for such robots is very challenging. Controlling soft robots

demands new lines of modeling, control, dynamics and advanced level planning [1].

3



4 introduction

An important aspect of controlling bio-inspired soft robots is that all the parts of the

robot continuously interact and inspire each other. Despite the fact that a particular

accord on these principles is developing in soft robotics and its related societies, the

young field of bio-inspired soft robotics still wants a robust and steady base like control

theory for rigid robotics [5]. The theory needs to be further developed, and a substantial

amount of work toward a better understanding of its underlying dynamics, which

influences its behaviour is still needed [6]. To have a grasp of the science, researchers

are performing an exhaustive number of different experiments on soft robots which

result in the collection of extensive experimental data.

1.2 machine learning modeling and control in soft robotics

Machine Learning (ML) is an arrangement of strategies that can naturally distinguish

patterns in data, and afterwards utilise the revealed patterns to foresee future data or

to perform different sorts of decision making under vulnerability. Application of ML

strategies to massive databases is called data mining [7]. However, it should be noted

that even when one has an evidently large dataset, the effective number of data points

for particular cases of interest might be quite small. In fact, data from a variety of spaces

shows a property known as the long tail, which implies that a couple of things are

highly similar. However, most things are very uncommon. For instance, twenty percent

of Google hunts every day have never been seen [8]. This implies that generalising from

small sample sizes, is still exceptionally pertinent even in the era of big data.

1.3 biological swallowing and endoprosthetic stenting

Swallowing is a complex but orderly physiological process transporting saliva or food

from the mouth to the stomach, aided by peristaltic contractions of the esophageal

wall, generated by the Central Pattern Generator (CPG) [9]. Any esophageal impair-

ment, which compromises the efficiency of swallowing, is known as dysphagia. Severe

pathologies include, for instance, benign esophageal strictures from various injuries,

Esophageal Cancer (EC), and esophageal perforations, which distress lumen patency

explicitly leading to dysphagia [10]. Unaccompanied by comprehensive care, a vicious

cycle materializes as malnutrition and dehydration aggravating the dysphagia itself,

subsequently increasing morbidity and even mortality.
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A silicone covered Self-Expandable Metallic Stent (SEMS) is a tubular braided mesh of

interwoven helical springs made of corrosion resistant materials, like nitinol, stainless

steel, and polymers. Malignant and benign esophageal strictures from EC, can be

addressed with endoprosthetic stent placement, commonly known as esophageal

stenting [11]. These stents are proven to be efficient endoprosthetic management for

both malignant and benign esophageal strictures, as they could hold open the esophagus

and hence relieve the impediments of compromised lumen patency in such cases [12].

However, this method of palliative treatment does have its inadequacies, and one of

the significant shortcomings is stent migration, which is the movement of the implanted

stent from its initial position, resulting from the stent interaction with the continuous

peristaltic contractile forces of the esophageal wall [13]. Stent Radial Force (RF), force

applied by the stent on the esophageal lumen, is a crucial design parameter of a stent

for maintaining the in situ lumen patency, which is, unfortunately, still an unknown

parameter due to the poorly understood association of the RF and clinical outcomes.

The efforts to reduce stent migration, to improve stent removability and flexibil-

ity, and to ensure stent patency have revolutionized stent designs. To study stent

inadequacies and improve stent design, conventional techniques like manometry and

videofluoroscopy on patients are less preferred because the techniques are not very

comfortable for the patients, and there are major ethical concerns associated with such

kinds of studies. Thus, evidence to show which stent design is better than another

is confined to a few Randomized Controlled Trials (RCT) in patients with malignant

esophageal strictures [12].

1.4 robotic soft esophagus

The current research is an augmentation of a research program that explores biomimetic

esophageal swallowing. A Robotic Soft Esophagus (RoSE) has been developed as an

alternative platform for mimicking the human swallowing process under different

rheological and medical conditions (Figure 1.1) [14]. The capability of RoSE is to generate

peristaltic waves of different characteristics similar to the waves generated when a food

bolus travels from the upper to the lower esophagus in humans.

RoSE is constructed from Ecoflex 00-30 (Smooth-On, USA), which is a soft and highly

stretchable platinum-catalyzed silicon rubber. The physical dimensions of RoSE match

the attributes of the human esophagus [14]. RoSE has twelve equally spaced layers,

and in each layer, four pneumatic chambers are present surrounding the conduit.

The purpose of these air chambers is to deform sequentially layer by layer under the
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Figure 1.1: Robotic Soft Esophagus (RoSE). (a) RoSE actuator (conduit), and (b) isometric view of

Computer-Aided Design (CAD) assembly of RoSE.

supplied air pressure in such a way that the shape of the deformation can take the

form of a traveling peristaltic wave from the top layer to the bottom layer [15]. RoSE is a

true example of a robot mimicking a biological process, and performing tests on such

a robot instead of a human being can save the researchers from ethical concerns and

accessibility time, and it can widen the range of different measurements and evaluation

schemes [15].

1.5 research motivation

There are two research motivations for this study. The first motivation of this research

is to validate RoSE as a novel in vitro platform to perform a wide-ranging assessment of

stent behavior. The second motivation of this research is to set out another convention:

establishing and implementing ML techniques as the first and foremost strategy above

traditional analysis to discover RoSE dynamics for control.



1.5 research motivation 7

1.5.1 Motivation 1

Testing bolus formulation and transport, stent behavior assessment, and swallow

efficacy with clinical trials is hindered by the inter-person swallow and the inter-

swallow variability in human test subjects. Besides, due to the lesser known relationship

between the mechanical properties of the esophageal stents and their clinical outcome,

the stenting guidelines are still poorly defined. Further, evidence from RCTs that can

be used to test the clinical performance of stents is limited. In the mathematical field,

very few numerical models have examined the interaction between the stent and the

esophagus under peristalsis. Additionally, it is challenging to model the complex shear

fields generated by peristaltic actuation and their associated time-shear dependent

behavior.

Soft robots such as RoSE have proven to be a complementary and supplemental

approach to mathematical models and clinical studies to investigate the human phys-

iology and to validate medical procedures. Since RoSE can physically mimic human

swallowing behaviour, in lieu of actual patients, it can be used to study various stent

designs, and their inadequacies and effect on swallow efficacy after implanting them in

patients with malignant and benign esophageal strictures (Figure 1.2).

1.5.2 Motivation 2

Conventional methods for discovering the partial Differential Equations (DEs) of a

system are rooted in laws of physics, conservation laws, and phenomenological behavior.

In any case, there remain numerous complex systems like RoSE that have escaped

quantitative investigative depictions or even characterization of an appropriate selection

of variables. Currently, RoSE does not have any dynamic equation to describe its

actuation principles or its physics. Finding out its governing DEs will not only help

in better understanding its physics, but it will also contribute to designing a better

adaptive close loop control strategy for the robot, which can control the bolus transit

behavior by receiving feedback from the displacement sensors located on the surface of

the conduit. Instead of designing a black-box model of the robot for control, a grey box

model can be implemented if some of the dynamics of the robot are known.

In addition, a large number of different types of experiments with manometry,

videofluoroscopy, articulography, and motion capture have already been performed on

the robot resulting in the collection of an extensive amount of datasets. Discovering
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Clinical
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Figure 1.2: Relationship between RoSE and different research domains. RoSE combines and inte-

grates the concepts from four research domains: clinical, mathematical, engineering,

and soft robotics.

the DEs from the collected datasets will give relevance to it as well as meaning to the

accomplished experiments.

1.6 aim and objectives

This study has two key aims. Firstly, the aim is to validate the application of RoSE in

performing a wide-ranging assessment of stent-related measurements and behavior

for substantial equivalence. Secondly, the aim is to actuate the RoSE conduit with pre-

defined peristaltic wave trajectories by data-driven ML-based modeling and control.

While the former aim addresses the question of usability of RoSE in the area of endo-

prosthetic stent testing, the later offers a novel approach to model and control RoSE

for understanding its underlying dynamics and enhancing its capabilities in the field

of stent testing. Objectives 1, 2, and 3, 4 will contribute to the fulfillment of the first

and second aims, respectively. With the accomplishment of the primary aim, RoSE can

emerge as a powerful in vitro platform for the endoscopic industries and clinicians to

test their new stent designs in terms of migration and the occurrence of any kind of
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Figure 1.3: Sequence of the conducted subtasks to achieve objective 1 and 2.

dysfunctionality during and after the stent implantation. The completion of the second

aim will enhance this capability of RoSE further.

1.6.1 Objective 1: RoSE Capability in Investigating Stent Radial Force and Migration.

The objective assesses the effect of stent RF on the migration of stents in the RoSE

conduit, which occurs due to repeated peristaltic contractions. The presented results

can validate RoSE as a novel platform to assess various stent behaviors, which can

help the researchers and the endoscopists to elucidate the patency of the stents in the

occurrence of unfavorable events, during and after the stent implantation. The objective

was achieved by completing the following subtasks (Figure 1.3):

• Literature review

Validating the capability of RoSE in the area of stent testing requires reviewing

relevant literature which underlines the major stent designing parameters and

their effect on stent performance. Studies incorporating various topics including

clinical studies on stent implantation, mathematical stent modeling, stent Finite
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Element Modeling (FEM), and stent in vitro testing were studied for the attainment

of the objective. A thorough literature review on swallowing, EC, and dysphagia

was also conducted.

• Development of RoSE firmware protocol

Custom firmware modules, written in Python 3.7, were developed on Raspberry

Pi 3B+ to command the robot, with independent, continuously variable, pressure

input. The RoSE firmware protocol is divided into two significant sub-modules

for stent RF, and migration and bolus swallow efficacy testing. While the first

sub-module dealt with simultaneous inflation and deflation of the RoSE conduit,

the second generated peristaltic waves in RoSE.

• Designing stent deployment framework

A deployment framework following the endoscopists’ approach to deploying

stents in the human esophagus was developed and employed throughout this

study.

• Artificial food bolus formulation

Food boluses of varying consistencies were prepared in the laboratory using a

commercial food thickener (Altrix Rapid Thickener, Douglas Nutrition Ltd, New

Zealand), specially formulated for dysphagia patients. The consistencies were

quantified by evaluating the viscosity using a AR-G2 Rheometer (TA Instruments,

New Castle, DE, USA).

• Stent migration testing

Five commercial, covered SEMSs having distinct structures, cover materials, and

cover material patterns, and similar dimensions were initially tested for stent

migration in RoSE with and without food bolus. Based on the maximum and mini-

mum recorded migration, candidate stents were selected for further measurement

and analysis of different stent-related parameters.

• Stent RF testing

By contracting and expanding the RoSE conduit, stent RF testing was performed.

The testing protocol consists of repeatedly measuring the RF applied by the stent

on the conduit wall during its loading and unloading to evaluate stent migration

behavior with RF. A Force Sensing Potentiometer (FSP) (FSP01CE, Ohmite, USA)

was used to measure the force applied by the stents on the conduit.
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1.6.2 Objective 2: RoSE In Vitro Platform for Studying the Impact of Stent Implantation on

Bolus Swallow Efficacy.

The objective is to examine the impact of the stent deployment on the RoSE bolus swallow

efficacy. Additionally, it also includes analyzing the effect of stent dysfunctionality on

bolus transport, and hence, swallow efficacy. RoSE manometry investigation presents

evidence that extends the knowledge of swallow efficacy after stent implantation during

dysphagia (Figure 1.3).

• Manometry setup and calibration

A manometry setup (S98-200C, Sandhill Scientific, USA) consisting of a catheter

(long flexible tube) and a data acquisition system was calibrated before installing

the catheter into the RoSE conduit due to the inaccessibility and unavailability of

suitable instruments for in situ calibration. The catheter was positioned akin to

the clinical in vivo observations.

• RoSE manometry testing

The methodology of RoSE manometry testing can be distributed into two steps. In

the first step, experiments and investigation for a regular stent operation were

conducted, then in the second step, a study for stent dysfunctionality was carried

out. The investigation used both qualitative and quantitative analysis in order to

gain insights into the effect of RoSE swallow efficacy with implantation of stents.

1.6.3 Objective 3: Sparse Data-Driven Discovery of RoSE Dynamic Differential Equations.

The third objective is to discover the underlying dynamic DE of RoSE by applying

data-driven ML techniques. The DE captures the RoSE peristaltic conduit deformation

with respect to the applied pressure at any instant of time. In contrast to previous RoSE

models, the DE model is dynamic in nature and solely depends on the captured data.

The model enhances the understanding of the kinematic and dynamic features of RoSE.

The following tasks were undertaken to achieve this objective (Figure 1.4):

• Literature review

Literature from the areas of Reduced-Order Modeling (ROM), ML, and soft robotics

was reviewed to analyze the existing modeling strategies. Various ML techniques

were explored, along with their working principle and limitations. Additionally, a

thorough literature review on swallowing and dysphagia was also conducted.
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Figure 1.4: Sequence of the conducted subtasks to achieve objective 3.

• Design of Quarter-Robotic Soft Esophagus (QRoSE)

RoSE has limited visibility inside its conduit, which challenges the collection of

the experimental data needed for the DE discovery. To address this issue, a QRoSE

was developed to observe and model the occlusive motion of the conduit of RoSE.

• Optical motion capture

A column of retroreflective markers were placed on the conduit to capture QRoSE

conduit deformation data. By using the Vicon optical motion capture system,

time-series datasets were collected by tracking the movement of the markers.

• Dataset size reduction

ROM techniques were applied to reduce the size of the collected dataset to over-

come the computational complexity.

• Discovery of RoSE DEs

A data-driven ML technique which promotes sparsity was applied on the reduced

dataset to discover the DEs of RoSE.

• Validation of the DEs
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The conduit deformation calculated from the discovered DE was validated by

collecting data from articulography and stretchable displacement sensor array

experiments conducted by Dirven et al. [14], and Din et al. [16], respectively.

1.6.4 Objective 4: Design of NonLinear Model Predictive Control (MPC) for RoSE.

The final objective is to design and develop Robotic Soft Esophagus version 2.0 (RoSEv2.0)

with embedded sensing capability, and implement a ML-based nonlinear MPC for

RoSEv2.0. In the process of fulfilling the objective, the following significant steps were

followed.

• Design and fabrication of RoSEv2.0

To address the issue of limited visibility inside the RoSE conduit, RoSEv2.0 was

developed. One of the RoSE outer casings was replaced with a Liquid Polydimethyl-

siloxane (PDMS) (SYLGARD 182, Dow, USA) cover to construct the RoSEv2.0.

• RoSEv2.0 Time of Flight (TOF) sensor array embedding and calibration

An array of TOF sensors were placed on top of the PDMS layer. The TOF sensors

were calibrated by designing a custom webcam (VL6180X, STMicroelectronics,

Switzerland) motion capturing system.

• Applying Sparse identification of Nonlinear Dynamics with Control (SINDYC) to

model RoSEv2.0

RoSEv2.0 was actuated with various pressure varying trajectories, and data from

TOFs and Valve Pressure Sensors (VPSs) were collected. Discrete-time formulation

of SINDYC referred to as Discrete Time Sparse identification of Nonlinear Dynamics

with Control (DTSINDYC), was applied to the collected data to discover Discrete

Time Differential Equation (DTDE) models of RoSEv2.0.

• MPC design and implementation in RoSEv2.0

Nonlinear MPC using the DTDE models was designed and implemented to control

the symmetric and peristaltic motion of the RoSEv2.0 conduit.

• MPC performance testing

Initially, by tuning the MPC prediction horizon, Root Mean Square Error (RMSE)

between the reference peristalsis and RoSEv2.0 conduit displacement trajectories

was evaluated to determine the optimal prediction horizon length in terms of
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low RMSE and execution time. Finally, the MPC was tested for displacement and

pressure trajectories.

• Applying the MPC for conducting stent migration testing

The MPC was applied to control the peristalsis trajectories, which governs the stent

migration testing. Artificial food boluses mimicking the consistencies of syrup,

custard and pudding were formulated. Stent migration data for a candidate stent

was recorded for various peristalsis speed and bolus swallow conditions.

1.7 scope

The first part of the research involved validating the applicability of RoSE in the area

of stent design and testing, which can help the researchers and the endoscopists to

elucidate the patency of stents in the occurrence of unfavorable events, during and

after stent implantation. To clarify the extent, the study remains within the following

research criteria.

• Even though RoSE mimics the esophagus in various physiological ways, its conduit

still lacks artificial strictures. Thus, the stent tests were carried out in normal

swallowing conditions of RoSE.

• The investigation of the stent testing did not consider the distribution of different

muscle fiber regions because the entire RoSE conduit is made up of the same

silicone rubber material (Ecoflex 0030, Smooth-on, USA).

• The study is strictly limited to proving the usability of RoSE in stent testing. It

does not focus on the various design aspects of the stents that were used for

conducting this research.

The second part of the research involved finding novelty in the area of soft robotics

by implementing ML, and optimization techniques to model and control RoSE under

different bolus transit behavior. Therefore, it encompasses the following research

criteria:

• The DE model of RoSE has not considered the variation in properties of the material

used to design the robot. The assumption only discusses the current state of the

material and neglects any change in its qualitative or quantitative characteristics

over time and varying environmental conditions like pressure and temperature.
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• Any given marker on the surface of the robot moved in 3D. For this research, only

2D movements were considered.

• The TOF sensors implemented in this research are off-the-shelf and rigid, since

the performance of the earlier designed and fabricated soft sensors were not up

to the desired level.

• Although an MPC controlling all the layers is desirable, due to the low computa-

tional power of Raspberry Pi, the implemented MPC has been restricted to three

RoSEv2.0 layers.

1.8 research contributions

Investigating stent RF has been a continuing concern among the clinicians and the

scientific community. It has been challenging to fully predict the clinical outcome of

a stent based on its RF. However, the presented results show that RoSE can provide a

novel platform to evaluate the substantial equivalence of esophageal stents of different

characteristics. Additionally, the results can provide researchers with a deep insight

into the patency of the stents and bolus swallow efficacy in the esophagus after stent

implantation.

Results comparing the efficiency of the stents could aid endoscopists in the selection

of a suitable stent for an individual patient, which is otherwise guided solely by their

experience and availability of the stents. The results will also aid in the optimization of

future stent designs to improve the behavior of the stent during deployment and to

mitigate migration.

The analysis of the bolus pressure signatures with stenting in RoSE has extended

the knowledge of swallow efficacy after stent implantation during dysphagia. The

presented in vitro study adds to the growing body of research considering esophageal

peristalsis for stent-related measurements. To the extent of our knowledge, no prior

research has done endoscopic manometry in the presence of stents. Additionally, the

study has been one of the first attempts to examine parametric studies correlating the

effect of stent implantation and dysfunctionality on swallow efficacy.

Soft robotic techniques provide compliance and unique shapes to robots. In con-

trast to the rigid-bodied robots, soft robots have the advantage of infinite degrees of

freedom, which allows them to move freely and mimic various movement patterns of

humans. However, when it comes to modeling and control, the advantage becomes a

disadvantage because all the parts of the robot continuously interact with each other.
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This study makes several noteworthy contributions to the area of soft robotics

modeling, sensing and control. To the best of our knowledge, this is the first time that

ML has been applied to identify a structural and parametric dynamic model of RoSE.

The methods revealed the underlying dynamics of the soft-bodied RoSE in the form

of a DE model. In contrast to the earlier models of RoSE, the models presented in this

research are dynamic. Since ML solely depends on the captured data, the discussed

methodology is not robot specific and does not depend upon the actuation system and

morphology of the robot. The method undertaken in this study is general, while RoSE

is a case study. It can be extended to any soft-robotic system, provided an input-output

dataset can be generated. The DE discovered in this study also explicitly defines the

nonlinear behavior of the robot. The analysis of the DE has extended our knowledge

about the deformation of the RoSE conduit.

The discussed sensing methdology in RoSEv2.0 is a critical contribution to sensing in

soft robotics. The earlier soft and flexible sensors implanted in RoSE for measuring the

conduit displacement lacked durability and repeatability; hence designing a model and

controller for RoSE has been a challenging task. This research has solved the sensing

issue in RoSE by introducing RoSEv2.0 (improved version of RoSE) with TOF sensors. The

TOF sensors are industry-level sensors with high repeatability, and their placement in

RoSEv2.0 has been planned so that the actuation does not affect the durability of the

sensors.

The study also contributes to the growing area of research in implementing ML-based

modeling and control in soft robotics. To the best of our knowledge, the DTSINDYC-

MPC presented in this research has been applied for the first time in a soft robot.

Before the implementation of the MPC, RoSE was controlled in an open-loop manner

for various applications. With the introduction of the closed-loop control in the form

of MPC, the capability of RoSEv2.0 has been further enhanced for endoprosthetic stent

testing. Overall, this study contributes to the research on RoSE by implementing sensing,

modeling, and control and by unearthing a novel application of RoSE in the field of

stent testing. Additionally, the presented modeling and control methodology is not

robot specific, and it can be extended to any soft-robotic system provided input-output

datasets can be generated. Hence, by using an array of VPSs, the entire implementation

procedure was repeated for controlling RoSEv2.0 chamber air pressure as well, to verify

the versatality of this approach.



Part II

T H E PAT H WAY T O K N O W L E D G E

"It is both near and far, both within and without every creature; it moves and is

unmoving. In its subtlety it is beyond comprehension. It is invisible, yet appears

divided in separate creatures. Know it to be the creator, the preserver, and the

destroyer. Dwelling in every heart, it is beyond darkness. It is called the light of the

lights, the object and goal of knowledge, and knowledge itself."

–Bhagavad Gita
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2.1 medical background of esophageal swallowing

Swallowing is a complex but orderly physiological process transporting saliva or food

from the mouth to the stomach. In recent years, there has been an increasing amount

of literature on swallowing. Swallowing physiology and anatomy are elucidated with

critical insights from in vivo studies [17]. For in vitro biomimetic modeling and control

of swallowing, the current medical background of swallowing needs to be captured.

This section critically examines the concepts of physiology of esophageal swallowing,

evaluation of food bolus transit through the esophagus, swallowing peristalsis, and

neural control of swallowing.

2.1.1 Physiology of Swallowing

The human digestive process begins with chewing and mastication of the food in

the mouth and ends at the anus (Figure 2.1). The process of swallowing, which is

sometimes referred to as deglutition, involves transportation of the food bolus from the

oral cavity to the stomach through the esophagus with the aid of peristaltic waves in the

esophageal conduit, generated by Central Pattern Generators (CPGs). The desired result

of swallowing is not only the successful transportation of food, but also the removal of

the food particles from the respiratory tract so that the respiratory tract does not ingest

any unwanted particles. [18]–[20].

2.1.1.1 Stages of Swallowing

The neurophysiological control of the swallowing process comprises three distinct

phases where each phase is interacting with with the other. The degree of dependence

of each stage on neuron control varies in each phase [20].

oral preparatory stage The oral preparatory phase is responsible for the

primary preparation of the food bolus before the bolus enters the pharynx. After

21
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Figure 2.1: Anatomy of human digestive system.

mastication, it breaks down the ingested food in sufficiently small sizes and mixes it

well with the saliva for transport through the pharynx and esophagus for digestion

within the stomach [18].

pharyngeal stage The pharyngeal stage does the propelling of the food bolus to

the esophagus. While doing the transport, the pharynx consistently coordinates with

the respiratory tract so that it can be protected from unwanted food particles. Four

major activities done by the pharyngeal stage are [18].

• Propelling the food bolus

• Inhibition of respiration

• Closure of the palatopharyngeal isthmus

• Constriction of the larynx

esophageal stage The esophageal stage follows the pharyngeal stage, but it can

function completely independent of any other stages of swallowing and has its own

distinct neural control [17]–[20]. The esophagus (Latin: oesophagus), 180 to 260 mm
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Figure 2.2: Esophageal peristalsis. The process of swallowing involves transportation of food

bolus from the oral cavity to the stomach through the esophagus with the aid of

esophageal wall contractions generated by spatio-temporal peristaltic waves.

in length, consists of a muscular tube that spans rostral caudally from the pharynx

in the upper aspect, down to the stomach, whose elementary function is to push the

swallowed food and fluid from the oral cavity to the stomach by peristaltic contractions

(Figure 2.1) [18], [21], [22].

The esophageal wall is made up of mucosa, submucosa and muscularis propria.

The muscularis propria consists of outer longitudinal and inner circular muscle fibers,

which activate sequentially to generate an esophageal wall contraction behind the bolus

(Figure 2.2) [17]–[19], [21]. The wave like muscle contractions in the esophageal wall is

known as peristalsis, which is responsible for the movement of the bolus. In the supine

position, fast movement of the bolus does not occur, which supports the fact that bolus

velocity is mostly governed by gravity [21], [23]. However, it has been shown that the

swallowing process does not depend on gravity for transport, as swallowing can be

conducted in an inverted person [22]. Table 2.1 summarizes all the relevant attributes

of the human esophagus.

2.1.2 Food Bolus Transit Evaluation

Videofluoroscopy and manometry techniques are used hand in hand to determine

the Intraluminal Presssure Signature (ILPS). In an esophageal peristaltic transport of

a food bolus, the manometry and videofluoroscopic recordings can be distributed

into two ILPS segments (Figure 2.3) [21], [24], [25]. In the first segment, within the

bolus fluid, the recorded pressure is solely due to the hydrodynamic bolus pressure,

which is also known as the Intra-Bolus Presssure Signature (IBPS). At the tip of the

bolus tail, the pressure undergoes a transition from IBPS to esophageal direct contact
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Table 2.1: Attributes of human esophagus and esophageal peristaltic transport.

esophagus quantitative attributes

Attribute Magnitude

Esophagus conduit length 180 - 260 mm [17], [21]

Conduit diameter 20 - 23 mm

Peristalsis wave velocity 20 - 40 mms−1 [9], [21]

Wavefront length 30 - 60 mm

Wave seal pressure 15 KPa [21]

esophagus qualitative attributes

Attribute Behavior

Wall material composition Mucosa, submucosa,

and muscularis propria [23]

Wall material feature Compliant, and continuous

Muscle fiber type Longitudinal, and circular [23]

Muscle distribution Striated, and smooth [23]

Transport type Peristaltic [24]

Wave shape Sinusoidal

peristalsis attributes [17], [20], [24]

Peristalsis type Primary, and secondary

Primary peristalsis location Smooth and striated muscle fibres

Primary peristalsis mechanism Central

Secondary peristalsis location Smooth muscle fibres

pressure with the manometry catheter, which can be regarded as the second segment.

The contact pressure is the Peak of Intraluminal Presssure Signature (PILPS), which

reflects the maximum esophageal muscle squeeze pressure aboove the bolus tail [24].

The Maximum of Intra-Bolus Presssure Signature (MIBPS) occurs at the bolus tail tip

after which no bolus fluid exists, leading to direct contact pressure. Since pressure
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Figure 2.3: Schematic of axial distribution of ILPS in an esophagus [21].

cannot be transmitted axially in the absence of bolus fluid; thus, these two segments

are independent of each other [21].

A dry swallow is an act of swallowing something without the aid of any liquid

like water. It is associated with the swallowing of the air bolus. As there is no bolus

present, hence there is no distension on the muscle of the esophagus, which results in

the generation of low PILPS waves [26]. Wet swallows associated with liquid bolus of

lower volume (<1 ml) have exhibited lower PILPS, similar to dry swallows. However,

wet swallows of bolus volume greater than 2 ml, have shown higher PILPS, slower

wave speed, and greater contraction wave duration as compared to low volume bolus.

However, the strength of the esophageal contractions depicted by PILPS, remains the

same for all bolus volumes higher than 2 ml, which indicates the fact that a critical

bolus volume is required to initiate peristalsis. Additionally, PILPS of the contraction

waves and other parameters cannot be consciously altered [26].

The IBPS remains almost equal throughout the length of the esophagus, but IBPS

increases with bolus volume and bolus viscosity. Additionally, the dependence of IBPS

on bolus viscosity is only significant for bolus volume above 10 ml. Similarly, bolus

transit time also does not vary throughout the esophagus, and it is independent of

bolus volume and viscosity.

A successful transit of the bolus is referred to as effective peristalsis, while ineffective

peristalsis is often associated with the residue of food particles left in the esophagus [24].

In an effective bolus transport, maximum intraluminal cross-sectional diameter gener-

ally increases as the bolus moves distally. While increase in bolus volume significantly

increases the diameter, the increase in viscosity has not shown any significant impact on

this [25]. For an ineffective peristalsis, when the esophageal muscular contractions are
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Figure 2.4: Muscular anatomy of esophagus. [23]

not enough to occlude the esophagus, the magnitude of MIBPS remains closer to PILPS.

For a succesful bolus transport, PILPS-Baseline of Intra-Bolus Presssure Signature (BIBPS)

≥ 2.7 kPa (20 mmHG) [24], [25]. The relation is independent of all bolus viscosity and

volume and if the difference is below 2.7 kPa, the chances of ineffective peristalsis

increase further. Hence, determining the pressure difference can be a useful tool to

assess the peristaltic transport failure.

2.1.3 Peristalsis in Swallowing

The muscularis propria region of the esophageal wall is predominantly comprised

of striated muscle in the proximal one-third of the esophagus, and smooth muscle

in the distal two-thirds of the esophagus (Figure 2.4, Table 2.1) [23], [24]. Recent

experiments, conducted by High Resolution Manometry (HRM), have shown that the

peristalsis associated with the esophagus involves two different types of contractile

waves, conforming to separate muscle kinds (striated and smooth) and neuronal control

systems of the proximal and distal esophagus [24], [27], [28]. With computer simulations,

Li et al. [29] reported the existence of two separate contraction waves in the Region of

Transition (ROT) from striated to smooth muscle, separated by > 4 cm, to explain the

pressure measurement due to bolus retention in that region. Additionally, they also

reported a space-time coordination between the two waves across the transition region

to clear the bolus effectively (Table 2.1). The two types of peristaltic contraction waves,

which occur on the wall of the esophagus are:
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Figure 2.5: Pressure signature and bolus coordination during bolus transport through the ROT

in a normal subject. [24]

• Primary Peristalsis (PP)

PP is a voluntary contraction that can occur due to the stimulation of the receptive

fields in the esophagus. The PP, associated with Primary Peristaltic Wave (PPW),

mostly takes place in both striated and smooth muscle fibers. In striated muscle

fibers, the peristalsis is controlled by the central swallowing program (neural

excitation) (Table 2.1) [17].

• Secondary Peristalsis (SP)

SP arises whenever there is a bolus remaining in the esophagus, which stimulates

the esophageal receptive fields to initiate the peristalsis. The Secondary Peristaltic

Wave (SPW) can be activated by the distension of any part of the esophagus

(Table 2.1) [20].

Ghosh et al. [24] analysed the ROT using HRM and digital fluoroscopy (Figure 2.5).

During PPW propagation, PILPS follows the bolus tail and for successful bolus transport

it remains higher than MIBPS (t1). As soon as PPW enters the ROT (t2), it starts to slow

down, and PILPS decreases, and hence esophageal muscle squeeze reduces (t2 to t3).

Concurrently, another wave known as the Indentation Wave (IW) begins to compensate

the PPW. As IW progresses, it occludes the lumen increasingly (t3 to t5) and PILPS shifts

in front of MIBPS (t5). IW travels until it fully occludes the lumen (t6 to t7), and initiates

the beginning of SPW (t7). Concurrently, the PPW ends, and birth of a new bolus tail

takes place. Since for a successful bolus transport, PILPS must be higher than MIBPS;

thus MIBPS jumps (t7 to t8).

Table 2.2 summarizes the effect of different bolus types and bolus volume on the

PILPS, MIBPS, and BIBPS in normal and dysphagia subjects.
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Table 2.2: Effect of different bolus types and bolus volume on the pressure signature generated by peristaltic waves.

Characteristics Bolus attributes
Pressure amplitude

(mmHg)

Mean velocity

(mms−1)
Ref.

Upper Middle (ROT) Lower

The act of swallowing can initiate peristalsis.

Food bolus volume, and viscosity can regulate peristalsis.

Dry PILPS = 49 ± 7.5 PILPS = 70 ± 10.7 40.85 ± 3.6

1 ml PILPS = 61 ± 7.5 PILPS = 66 ± 6.7 33 ± 1.9 [26]

20 ml PILPS = 107 ± 13 PILPS = 127 ± 15.7

PILPS - BIBPS ≥ 20 mmHg (2.7 kPa).

BIBPS independent of manometric location without Abdominal Compression (AC).

BIBPS increases at distal part with AC.

BIBPS increases with volume and viscosity (≥ 10 ml).

10 ml without AC –BIBPS = 12– 35.85 ± 2.0

20 ml without AC –BIBPS = 15– 35.85 ± 2.0 [25]

10 ml with AC BIBPS = 12.0 BIBPS = 12.0 BIBPS = 28.0

20 ml with AC BIBPS = 15.0 BIBPS = 15.0 BIBPS = 28.0

Dysphagia patients suffering from Achalasia or Chagas disease.

Dry swallow (Normal) PILPS = 78.7 PILPS = 45

Wet swallow (Normal) PILPS = 95.1 PILPS = 88.3

Dry swallow (Achalasia) PILPS = 32.4 PILPS = 46.1 [30]

Wet swallow (Achalasia) PILPS = 31.4 PILPS = 38.9

Dry swallow (Chagas) PILPS = 63.8 PILPS = 24.7

Wet swallow (Chagas) 75.4 PILPS = 37.2

Mean velocity of the wave increases from upper to distal part of the esophagus.

A significant reduction in the rate of pressure was found in the upper esophagus.

Wet swallow PILPS = 53.4 PILPS = 35.0 PILPS = 69.5

[30]

Transition from PPW to SPW occurs in the ROT.

Spatial jump of PPW to SPW in the ROT.
Bolus swallow

PILPS=46.5 ± 12.4

MIBPS=32.1 ± 11.9
[31]



2.1.4 Neuronal Circuits of Swallowing: Central Pattern Generators (CPGs)

The esophageal stage of swallowing, although connected to the pharyngeal stage, is

following its own distinctly separate neural control. The PP occurs deliberately with

the stimulation of receptive territories in the oropharyngeal range, while SP happens

if a bolus or a part of the bolus gets stuck in the esophagus in which stimulation to

the esophageal receptive territories begins the peristalsis [18], [19]. There are many

mechanisms to coordinate the esophageal swallowing process, primarily controlled by

both brain stem control and external coordination control. The brain stem control is

triggered by patterns of neural or declining cortical input. The findings of [18], [19],

also support the fact that the contraction of the entire esophagus takes place, which

includes both the smooth and striated muscle fibers during PP. PP is associated with

the swallowing, and it is centrally controlled by the activation of the motor neurons

[18], [19].

The brain stem control consists of three parts for controlling the esophageal swallow-

ing, the CPG, pre-motor circuitry, and motor neurons [20]. Studies in electrophysiology

conducted by Jean [9], [32] have proven the existence of the timing pattern generator

circuits. The events caused by these generators are natural and local in nature, such that

the feedback from the periphery does not affect the generation of the patterns because

they persist even in paralyzed animals [32]. In other words, it can be written that

the pattern generators govern the sequence of the motor responses in the esophageal

swallowing process.

The microelectrode experiments conducted by Jean [9] have shown that the swal-

lowing CPG includes two major neuron groups. One group is located in the nucleus

tractus solitarii of the dorsal medulla and held responsible for pattern generation and

their characteristics like time of triggering, shaping and timing of the rhythmic pattern.

The second group is in the ventrolateral medulla, which divides the swallowing drive

to the different pools of motor neurons included in swallowing. The threshold that

induces the swallowing depends upon many factors like the type of fluids, touch,

the pressure exerted by the food bolus, and range of salivation. By having a sensory

feedback mechanism, the threshold and intensity of sequential muscle requirements

for the peristalsis can be changed [19]. Inter and intra-forms of reflexes also change

or adjust the swallowing to account for the alterations in physiologic functions. These

alterations combine the deglutitory inhibition, failed swallow, and SP [20].
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2.2 dysphagia : causes and palliation

The primary purpose of the esophagus is to deliver the food from the mouth to the

stomach. Complete food bolus transit is referred to as a successful swallow, and it

is associated with effective peristalsis. An ineffective peristaltic wave often leads to a

residue of food particles left in the esophagus [25].

Any esophageal impairment that compromises the efficiency of swallowing, is known

as dysphagia [17]. Severe pathologies, for instance, benign esophageal strictures (Fig-

ure 2.6) from various injuries, Esophageal Cancer (EC), and esophageal perforations,

distress lumen patency explicitly leading to dysphagia. Unaccompanied by compre-

hensive care, a vicious cycle materializes as malnutrition and dehydration aggravating

the dysphagia itself, subsequently increasing morbidity and even mortality [33]. The

standard clinical practices involve evaluation of the etiology of the swallowing deficit

using perception studies, and in vivo analysis, followed by intervention strategies for

nutritional support [34]. Depending upon the severity, the method of maintaining

nutrition varies from oral dietary supplements, texture modified foods, implanting

nasogastric feeding tubes, surgical correction, endoscopic dilation of the sphincters,

and esophageal stenting [33], [35].

The estimates show that dysphagia affects one-twelfth of the world’s population.

Different texture modifications on food like chopping, mashing, and pureeing are

done across the globe so that the swallowing process in dysphagic patients can be

improved. Liquids are often thickened to increase the swallowing time [35]. It’s highly

challenging for such patients to chew and swallow food having high Young’s modulus.

By introducing some modifications to the food, the effort required for swallowing can

be significantly reduced, and it can add nutritional value to their daily oral food intake

as well.

Dysphagia patients often suffer from conditions leading to ineffective peristalsis, and

hence a remaining residue of food particles in the esophagus [36]. For a successful

swallow, the intraluminal and the intrabolus pressure must overcome the obstruction

created by the esophagogastric junction [25], [28]. It is often seen that wet and bolus

swallows cause a higher strength of contraction waves (higher Peak of Intraluminal

Presssure Signature (PILPS)) in the distal part of the esophagus when compared with

dry swallows. This phenomenon is not observed in subjects suffering from diseases

like achalasia and Chagas disease due to the impairment of the esophageal nervous

system Table 2.2. Such kinds of nervous system abnormalities cause alterations in the

motility of the esophagus [30].
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Figure 2.6: Endoscopic image showing a ulcerated mass in the esophagus causing a stricture

[37].

2.2.1 Esophageal Cancer (EC)

Esophageal Cancer (EC) is a minimally studied and deadly type of cancer that exists

in our society today. Recent advancements in the field of medical science in terms

of diagnosis, staging and treatment have led to small improvements. The risk of the

cancer increases with age. It is the seventh leading cause of death in men in America

and China. EC is the sixth leading cancer in the world [37], [38] and above 90% of the

ECs are either adenocarcinomas or squamous-cell carcinomas. In addition, 75% of the

adenocarcinomas are located in the distal esophagus [37].

With low likelihood of cure, the symptoms of EC usually do not appear until at least

50% of the luminal diameter is compromised [13]. Due to the physical presence of the

tumor at this stage, the radial dimension of the esophageal conduit reduces, and hence

swallowing difficulty or dysphagia occurs. In EC patients, dysphagia is one of the most

common symptoms [37], [39]. Figure 2.6 shows an esophageal stricture, which is the

medical term for narrowing down of the esophageal conduit.

2.2.2 Palliation of Dysphagia by Esophageal Stent Implantation

Malignant and benign esophageal strictures from EC can be addressed with endopros-

thetic stent placement, commonly known as esophageal stenting [40] (Figure 2.7 (a)).

The earlier use of uncovered stents for palliation was limited and contributed to in situ

erosion, occlusion, and fistulation. However, with the advent of fully coated removable
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Self-Expandable Plastic Stents (SEPSs), Self-Expandable Metallic Stents (SEMSs), and

biodegradable stents, new applications have met with remarkable success [41]. These

stents designate a novel, alternative, immediate, and cost-effective therapy for managing

adequate oral nutrition during dysphagia. A silicone covered SEMS is a tubular braided

mesh of interwoven helical springs made of corrosion-resistant materials, like nitinol,

stainless steel, and polymers (Figure 2.7 (b)) [11], [12], [42]. These stents are proven

to be efficient endoprosthetic management for both malignant and benign esophageal

strictures, as they could hold open the esophagus, and hence relieve the impediments of

compromised lumen patency in such cases. Furthermore, the insertion procedures for

SEMSs are less traumatic because of their flexibility, and they can be readily compressed

into a smaller delivery system [11].

2.2.2.1 Inadequacy in Esophageal Stent Implantation

Esophageal stent implantation for palliation of dysphagia has its own inadequacies, and

one of the significant shortcomings is stent migration, caused due to the interactions

of an implanted stent with the esophageal peristaltic waves [13]. Stent deployment

has reported about 30-50% long term success rates, with migration being the main

associated complication in most of the failure cases [44], [45]. However, the evolution

of stent design has still made stenting a more effective treatment in both benign and

malignant esophageal diseases. The efforts to mitigate pain and migration, to improve

stent removability and flexibility, and to ensure stent patency have revolutionized the

SEMS designs and testing.

2.2.2.2 Esophageal Stent Testing for Substantial Equivalence

The SEMS have been found to be considerably similar to the esophageal prostheses [46].

According to the current US Food and Drug Administration (FDA) review guidance for

esophageal and tracheal prostheses devices, bench testing of esophageal prostheses is

needed to establish substantial equivalence [47]. The review guidance has recommended

six different stent testing protocols. They are as follows:

1. Compression force testing: It measures the force required by the stents for com-

pression.

2. Expansion force testing: It measures the force exerted by the stents during expan-

sion.
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Figure 2.7: Schematic of isometric view showing the cross-section of an esophagus with an

implanted stent, and WallFlex esophageal stent developed by Boston Scientific, USA.

(a) Schematic of isometric view showing the cross-section of an esophagus with an

implanted stent. The purple blue arrows represent the radial force (RF) applied by

the stent. The arrows are spread over the entire region where the stent resides. (b)

WallFlex esophageal stent developed by Boston Scientific, USA [43].

3. Corrosion testing: It tests the compatibility of the stent materials with the corrosive

environment in the esophagus.

4. Tensile strength tests: If a stent includes a bonded or welded part, then this test

needs to be performed.

5. Deployment testing: It validates the accuracy and repeatability of the stent delivery

system.
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Figure 2.8: Free body diagram of a thin-walled cylinder with internal pressure p. The circumfer-

ential stress (hoop) stress, σθ is given by pd
2t , where p is the applied internal pressure,

and equal to RF
πdl [48].

6. Dimensional testing: It verifies the dimensional reproducibility of the stents

after deployment. The first four tests are related to stent performance after its

deployment, and the last two tests are relevant in terms of the insertion procedure.

The compression and expansion force testing of the stent recommended by the US

FDA review guidance, includes stent Radial Force (RF) measurement, which is crucial

in designing a stent for maintaining the in situ lumen patency.

2.2.2.3 Definition of Forces in Stent Testing

Based on the theory of a thin-walled cylinder, when a hollow cylinder of length l,

thickness t, and diameter d is subjected to a RF, generated by an internal pressure p

acting on the walls of the cylinder, it develops a circumferential (hoop) stress σθ . The

hoop stress is the result of hoop force (pdl) acting per unit hoop area (2ld) (Figure 2.8).

The internal pressure p and hoop stress σθ is defined by (2.1) and (2.2), respectively.

p =
RF
πdl

(2.1)

σθ =
pd
2t

(2.2)

Similar to the thin walled cylinder with applied internal presssure, a stent implanted

vessel (such as the esophagus and the arteries) behaves in the same way. After the stent
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deployment, the internal pressure acting on the vessel wall is the opening RF applied by

the stent per unit contact area of the stent. As the implanted stent expands, it applies a

RF on the vessel wall to generate a hoop stress on the wall.

Duerig et al. coined the terms Chronic Outward Force (COF) and Radial Resistive

Force (RRF) to define the different categories of forces associated with nitinol stents [48].

COF is the opening force applied by the stent on the vessel wall, where the stent resides.

The COF is the result of the stent attempt to return to its initial diameter. On the other

hand, RRF refers to the force generated by the stent to withstand compressive forces

(such as the compressive force due to the peristaltic deformation of the esophagus).

2.2.2.4 Previous Research on Stent Modeling

An investigation of stent RF (COF and RRF), could potentially play a pivotal role in

dealing with the stent migration in the esophagus and symptoms of pain. While a

considerable amount of literature is available on novel stent designs, little attention

has been paid to comparing the differences in RF and its clinical impacts among the

available stents on the market. The mathematical modeling of the stent interaction

with the vessel wall, provided in various studies, could be useful for predicting the

mechanical properties of the stent.

The analytical model of the stent based on the theory of virtual work by Jedwab and

Clerc is useful for predicting the mechanical properties of a stent (such as the RF), but the

model fails to provide any implication of stent migration with its mechanical properties

[49]. Hirdes et al. evaluated RF of several commercially available stents, but the author

could not offer clear evidence to show that high stent RF can prevent stent migration

[12]. Likewise, numerous numerical studies have focussed solely on explaining the

mechanical deformation of the stent inside the host tissue [50], [51]. Very few numerical

models have examined the interaction between the stent and the esophagus under

peristalsis [45], [52]. Garbey et al. analyzed stent migration in a numerical esophageal

model with stent flare design, stent length, diameter, and radial stiffness but not directly

with stent RF [45]. Mozafari et al. identified flared stent ends, and a higher frictional

coefficient of the stent can have a considerable impact on mitigating stent migration

[52]. The study was done with a Finite Element Analysis (FEA) built esophagus, under

axial pulling without the consideration of esophageal peristalsis. Table 2.3 summarizes

the assessment of stent forces and migration done by a number of researchers.
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Table 2.3: Review of assessment of SEMS forces and migration in literature.

Stent type Test Discussion Ref.

Ureteral Mathematical model for RF calculation.
The RF values were calculated from a mathematical model,

which agreed with the experimental results.
[49]

Ureteral Finite Element Modeling (FEM)
FEM results are compared with the mathematical model,

developed by Jedwab and Clerc [49].
[53]

Biliary
RF was measured by an RF measurement machine.

(RX 500, Machine Solutions, Flagstaff, Ariz)

The change in RF with stent diamter during loading and

unloading has exhibited hysteresis due to COF and RRF.
[42]

Esophageal —"— —"— [12]

Gianturco Mylar film

RF is affected by several factors such as number of wires,

wire diameter, bend angle, leg length and curvature.

RF with area reduction was analysed.

[54]

Esophageal
Universal mechanical testing machine

(Lloyd apparatus, Warsash, Southampton, U.K.)
Expansive stiffness per unit length was measured. [55]

Aortic aneurysm
Aneurysm and stent model developed by

FEM.

No stent migration at a blood pressure of 180 mmHg.

RF with stent strut dimensions was analysed.
[51]

Carotid stent FEM
At the stricture, RF maintains and expands the luminal

patency. RF analysed with change in stent diameter.
[56]

Modified Z stent FEM, Instron tensile testing machine
RF plotted with change in stent diameter.

Stent penetration depth was analysed with RF.
[50]

Esophageal FEM

Analyzed stent migration in a numerical esophageal

model with stent flare design, stent length, diameter,

and radial stiffness.

[45]

Esophageal FEM

Identified flared stent ends, and a higher frictional

coefficient of the stent can have a considerable impact on

mitigating stent migration.

[52]



2.3 soft robotics : advantages , challenges and applications

Engineered mechanisms like robots and machines have been created by utilizing stiff or

fully rigid segments associated with each other using joints to change input energy to

mechanical energy. Although the capabilities of the traditional robots have seen a lot of

significant development, phenomena involving natural and biological processes always

continue to be an active source of inspiration in the field of robotics. Soft robotics,

which emerges from the notion of natural and biological phenomena where robots

are designed and developed by employing soft and compliant modules [57], is an

increasingly important area in the field of robotics. In the previous couple of years,

the area of soft robotics has progressed toward becoming a very much characterized

discipline with working practices.

A soft-bodied robot is either a single soft body or a set of soft bodies, which has a

large number of Degree of Freedoms (DOFs) and involves strong nonlinear material

behaviors and large deformation [2]. In a soft robot, movement or shape change or

reconfiguration is achieved via the distributed pneumatic net or electroactive polymer

actuators. Additionally, the robots can completely mimic different biological processes

by combining various functional units strategically to act as a single unit, to generate

smooth actions and adaptability to different environmental conditions. Some of the

advantages of soft robots are safe human-robot cooperation, minimal effort production,

and basic manufacture with negligible coordination [3].

The excellent adaptability of soft robots to their environment has been explored

in recent decades, leading to the development of next-generation soft materials and

soft actuators, soft stretchable electronics, and control, and processing [58]–[61]. Soft

robotics also widens the opportunities for developing devices in the field of biomedical

applications, such as therapeutic devices [62], rehabilitation devices, and prostheses

[63], [64], biomedical surgery [65], and devices for training and biomechanical studies

[66]. Researchers have also developed many soft actuators, sensors, and robots that

have possible applications in biomimicking biological processes [67], which has shown

flexibility, agility, and sensitivity in this area.

Figure 2.9 shows a wide variety of soft robots such that the leftmost robot is mostly

stiff and rightmost robot is entirely soft as compared with the other robots in the figure.

An excellent example of a bio-mimicking soft robot is the Robotic Soft Esophagus (RoSE)

developed by the University of Auckland to evaluate the human swallow process under

different bolus swallow conditions [14], [68]. The robot could help the researchers
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iSprawl
Soft 

gripper OCTOPUS
Universal 
Gripper

Tuft 
softworm

Inflatable 
robotic arm

X-RHex
Soft robotic

fish
PoseiDrone

Origami
robot

Rehabilitation
glove

Octobot

Mostly stiff Entirely soft

Few selectively complian t modules

Figure 2.9: Broad variety of soft robots, ranging from mostly stiff (left) to fully soft (right)

[59]. iSprawl robot with external inputs for leg positioning; X-RHex consists of

compliant legs for optimizing running speed. Soft gripper with quadruple compliant

fingers; OCTOPUS with eight soft and compliant arms for underwater operation;

PoseiDRONE with tendon-based soft thruster for swimming; Universal gripper with

an elastic membrane and a rigid interface for the application vaccum; Origami robot

constructed with shape-memory materials for shape changing; Tuft softworm is

a biomimetic robot, which can mimic caterpillar-like motion, made up of Shape

Memory Alloy (SMA) actuators; Rehabilitation glove for human hands; Inflatable

robots consist of multiple chambers; which can be inflated to determine the robot

motion; Octobot is chemically actuated, made of soft elastomers.

develop texture-modified foods for patients suffering from swallow related disorders

like dysphagia.

The dynamics of a soft robot can hardly be derived from the first principles in

state-space. Soft robots manufactured from soft elastomers like silicone rubber are not

very well understood due to their continuous, complex, and highly compliant intrinsic

deformation. As soft robotics is emerging, the theoretical foundation is yet to be laid

for kinematics, dynamics, and control of soft robots [5], [6]. Table 2.4 summarizes the

challenges and gaps in soft robotics.

The dynamic modeling of soft robots can open the gateway for new capabilities of

robots. The models can be used to develop control and planning for soft robotic systems

[1]. The modeling of a soft robot plays an important role in developing compliance

when the robot interacts with the environment. To get to a certain point where soft

robots like RoSE can deliver their maximum potential, improvements in the following

areas must be realized [1]:
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Table 2.4: Challenges and gaps in soft robotics.

Actuation Modeling and control Sensing

Designing bidirectional ac-

tuators.

Infinite degrees of free-

dom [2], [69].

Designing stretchable sen-

sors.

Stretchable, portable

power sources [1].

Movements cannot be con-

fined to planar motions

[1].

Low compatibility of the

existing sensors [69].

Deformation is continu-

ous, complex, and highly

compliant [5].

Developed approaches are

robot-specific [1].

• Actuation: Different actuation schemes inspired by various biological phenomena

(like the peristalsis in the human swallowing process) must be implemented.

• Modeling: Since the current modeling techniques (such as FEM) are unable to

capture the dynamics of soft robots; thus novel Machine Learning (ML) based

dynamic modeling approaches must be explored.

• Control: Data-driven based control algorithms that are adaptive to the material

properties of the soft robots must be emphasized.

• User-interface: A user-friendly environment for the researchers from other areas

to use soft robots efficiently must be developed.

2.3.1 Biologically Inspired Control in Soft Robotics

Humans and animals can deliver various rhythmic movements (running, crawling,

walking) and processes (swallowing, breathing), which can be done without the involve-

ment of the brain [70]. Hence, they are known as unsupervised movements, and they

are controlled and produced by CPGs. CPGs are neural systems equipped for creating

facilitated patterns of rhythmic movement without any rhythmic inputs from sensory

feedback or higher control centers [70]–[72]. Experiments have shown the fact that

CPGs are distributed networks composed of oscillators. Lamprey and salamanders
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have been observed to have small sections in the spinal column, which are capable of

generating rhythmic patterns [73]. Although the CPG can produce patterns without

any feedback, the sensory feedback plays a significant role in characterizing the trends

[19], [20], [74]–[76]. Swallowing, breathing, and gait and its transitions are the areas

where clear evidence of CPG control and the effect of sensory feedback on it can be seen.

Some of the advantages of CPG control are, a) fast coordination and short feedback,

b) the control signals do not need to know the type of muscle activity involved, and

by modulating the signals, the rate of activity can be controlled, and c) providing a

low-level distributed control mechanism. Various methodologies can design the CPGs,

but before constructing a model of the CPG, the following points should be kept in

mind [70]:

• The architecture of the CPG network must be pre-determined, which includes the

number of neurons or oscillators.

• The network topology must define the type of couplings to be employed during

the coordination among the neurons and oscillators.

• The shape of the waveform.

• The parameters, their effect on the form of the waveform and how the parameters

can influence the characteristics of the waveform.

• The effect of the feedback and how the feedback will vary the trajectories.

Some of the approaches by which a CPG network can be implemented are hand-

coding, dynamical system design, and learning and optimization algorithm. The theory

of dynamical system can become a strong tool for developing CPG networks. The theory

can define the coupling weights and CPG parameters, and it can identify the timing

of synchronization among the coupled oscillators. Inspired by the rhythmic biological

CPGs, many mathematical models of artificial CPGs were developed by the researchers

so that the CPGs can provide the desired rhythmic patterns for different locomotion

forms in animals [70], [77], [78]. This is a powerful tool to set a CPG network if the

network consists of a small number of neurons and oscillators. If the numbers are large

and (or) if the amplitude and frequency of the oscillations cannot be explicitly defined,

then applying dynamical theory becomes a rigorous process [72], [79]. In such cases,

learning and optimization algorithms can be used in several ways. The approach can be

subdivided into two groups: Supervised Learning (SL) and Unsupervised Learning (UL).

To apply SL algorithms, a set of patterns must be present beforehand so that an explicit



2.3 soft robotics : advantages , challenges and applications 41

error function can be defined and minimized to get the desired set of patterns [72], [80].

Such techniques are limited to circumstances where suitable patterns are available. If

the desired patterns are not available, then programmable CPGs can be designed by

implementing UL algorithms [78], [81].

Numerous scientists have created mathematical CPG models to produce movement in

several robots. Some of the inherent advantages of such biological inspired networks are

to ensure consistent motion generation, adaptiveness, robustness, stability, and ability

to manipulate its parameters online for different obstacles. Matsuoka [82], Multivariable

Harmonic Balance (MHB) [77], [83], Van-der-pol [78], Hopf [84], and Rayleigh, are the

oscillators used in generating rhythmic patterns in robotics control.

2.3.2 Stretchable and Flexible Sensors for Soft Robotic Applications

Sensors made from stretchable materials could be incorporated into soft robots for

sensing its different elements. Due to their flexibility and transparency, sensors manu-

factured from Carbon Nanotubes (CNTs), graphene, and Silver Nanotubes (SNTs) have

gained much significant attention for application in flexible electronics and the field of

robotics. Instead of developing new materials, conventional materials like silicone and

carbon allotropes are engineered to prepare these sensors.

The working principle behind nanotube sensors is when the nanotubes are stretched,

gaps and islands are formed on the films of these tubes due to fracture, leading to

bundle formation, which bridges the gap. This allows the nanotubes to act as strain

sensors. By employing different manufacturing processes, the properties of the materials

can be altered depending on the type of application.

High durability, fast response, and low creep are some of the advantages of soft

sensors over their rigid counterparts. CNT sensors are popular due to their low cost,

linearity and chemical stability. The in-plane strain sensors built from CNT exhibit a

high piezoresistive response [85], [86], but extensive use of these sensors makes the

nanotubes buckle due to the release of load, and the effect is known as the buckling

effect, which leads to a wavy structure [87]. By filling graphene into the nanotubes, voids

can improve the strength of nanotubes significantly, and buckling can be prevented

while maintaining the transparency of the material. Table 2.5 summarizes some of

the stretchable and flexible sensors, their construction, advantages and applications.

Table 2.6 gives the quantitative and qualitative characteristics of various stretchable and

flexible sensors.
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Table 2.5: Different stretchable and flexible sensors, their constructions, advantages, and applications.

Name Materials Fabrication procedure Advantages Applications Ref.

CNT embroidered

graphene (CeG)

Hybridized film of CNT and graphene Increases the strength at the nanotubes joints.

CNT graphene Chemical vapour deposition (CVD) Prevention of buckling behaviour.
Motion sensing

applications (Figure 2.10 a).
[87]

Liquid Polydimethylsiloxane (PDMS) was used. Linear and positive resistance change.

CNT film strain sensor
Single-walled CNT

(SWCNT) thin films

Individually removed and laid side by side,

with a 1 mm overlap, onto PDMS

High selectivity against twist.

High durability and reproducibility.
Human motion

detection (Figure 2.10 b,c, and e).
[88]

The response of the CNT strain sensor

to the strain is fast, with a low

overshoot of 3.0 % and recovery.

Graphene Porous

Network (GPN) - PDMS

Nickel,

Graphene

Graphene growth. Finger motion.

[89]
PDMS infiltration. Wide pressure sensing range. Blood pressure monitor.

Cutting redundant PDMS.
Highest sensitivity among

graphene sensors.
Walking state.

Ni etching. Degree of finger blood.

Dynamically stretchable

solid state supercapacitor

using graphene woven fabric (GWF)

Polyaniline Stretching PDMS
Excellent stretch ability under

high strain.

Wearable electronics

[90]Graphene

film

Transferring GWF on top of it. Bendable energy

storage deviceEncapsulation by PDMS

CNT filled

Ecoflex

composite

CNT, vulcanized

silicone rubber

(Ecoflex 00-30)

MWNTs-isopropyl alcohol (IPA) mixture

prepared and poured on acrylic mold.

Ecoflex was poured, degassed, and

cured. Ecoflex penetrated the porous CNT.

Linearity observed between applied strain

and resistance change. Conduit deformation

in RoSE
[91]

Wide strain sensing range.



(c)

(f)(e)

(b)

(d)(a)

Figure 2.10: Various stretchable and flexible sensors. (a) CNT embroidered Graphane (CeG)

motion sensing application [87]. (b) Image of a bandage strain sensor pasted on the

throat for phonation [88]. (c) Strain sensors fixed to data glove [88]. (d) Bending of

a Graphene Porous Network (GPN)-PDMS composite [89]. (e) A strain sensor fixed to

a stocking for knee motion [88]. (f) An embedded stretchable sensor for measuring

the conduit deformation of RoSE [91].
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Table 2.6: Different stretchable and flexible sensors and their quantitative and qualitative characteristics.

Sensor name Pressure range (KPa) Strain (%) Gauge factor Thickness Qualitative characteristics Ref.

CeG 0 - 20 0.36 High linearity and reproducibility. [87]

CNT film strain sensor
0 - 40,

60 - 200

0.82, 0.06

Fast response, high strain sustainability

up to 280 %, high durability (1000 cycles),

reproducibility, almost temperature independent.

[88]

GPN-PDMS 1000

0 - 18,

22 - 40

2.6, 0.85 2 mm [89]

CNT filled Ecoflex composite 140 0 - 450 1.2 50 µm Thin, high strain sustainability. [91]



2.4 biomimicking swallowing robots

2.4.1 Need for Swallowing Robots

In recent years, there has been increasing interest in the study of the human esophageal

swallowing process and dysphagia [18]. Dysphagia affects a significant proportion of

the elderly population [92]. One of the management methods is to provide foods with

modified viscosities (Section 2.2). The process of peristalsis transports the food bolus

through the esophagus to the stomach. However, the complex relationship between the

bolus formulation and its effect on the peristalsis is tough to grasp.

In the medical domain, testing bolus formulation and transport is hindered by the

inter-person swallow and the inter-swallow variability in human test subjects [31].

Variations in muscle actuation strength and peristalsis wave speed greatly influence

the manometry captured Intra-Bolus Presssure Signature (IBPS) (Section 2.1.2) in the

subjects; thus, testing and measuring the swallow efficacy in a human is qualitative. In

the mathematical field, the modeled boluses do not reflect the complicated behavior of

bolus materials such as multi-phase flow and the non-Newtonian property [93]. Besides,

it is challenging to model the shear fields generated by peristaltic actuation and their

associated time-shear dependent behavior.

In addition, these difficulties are further exacerbated by the challenge of performing

in vivo bolus swallow experiments due to ethical concerns [14]. Studies involving

manometry and videofluoroscopy on stent implantated patients are few to none,

because the techniques are not very comfortable for the patients, and there are major

ethical concerns associated with such kinds of studies. Due to limited clinical trials of

patients, the endoprosthetic stent design and stenting guidelines are still limited. Testing

of improved stent designs and novel stents are restricted to analytical modeling and

FEM. The robotic bio-simulators proved to be the best compromised approach between

the overly idealistic mathematical models and the unyieldingly challenging clinical

studies to investigate the physiology, and to standardize many medical procedures

(Section 2.3) [59].

2.4.2 Previous Generation of Swallowing Robots

The past decade has seen rapid development in swallowing robots, typically with

applications in biomimicry and medical training. Pioneering work in this field by
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Kobayashi et al. [94] has focused on the oral and pharyngeal stages of swallowing

(Figure 2.11 (a)). The pharyngeal stripping waves are achieved by implementing a series

of wires. The wires are attached to the pneumatic muscles, which contract to occlude the

pharyngeal region. Simulation of the motion was observed by using imaging techniques

such as Magnetic Resonance Imaging (MRI).

The in vitro dynamic simulation system developed by Noh et al. [95] is a biologically

inspired device that has successfully modeled the swallowing process (Figure 2.11

(b)). The device is actuated by servo motors, where wire assemblies are used to

transmit the displacement actuation. The needs of medical science again inspire the

bolus transport process of this device, where the gold-standard medical technique

videofluorography was used to characterize it. Miki et al. [96] designed a prototype of

an artificial esophagus, actuated upon Shape Memory Alloys (SMAs) (Figure 2.11 (c)).

The prototype is built up of discrete units. Each unit is actuated by applying a current

through the SMA spring, causing it to heat up and deform. After cooling, each unit

deforms to its previous state, which causes actuation.

Although the swallowing robot devices discussed provide an insight into swallowing,

each robot has its limitations. The standard limitation of all the earlier devices are

discrete and non-continuous actuation. To simulate the actual biological process of

swallowing, the peristaltic actuation of the devices needs to be more continuous. The

continuity of the actuation can be achieved by either increasing the actuation resolution

or by adding more distributed actuation methods.

2.4.3 Robotic Soft Esophagus (RoSE)

A biomimicking Robotic Soft Esophagus (RoSE) was developed as an esophagus simu-

lator with extended biomedical applications (Figure 2.12) [14]. RoSE is an example of

an interdisciplinary process where the knowledge from biological swallowing, food

science, swallowing robots, and soft robotics are brought together to accomplish one

goal.

The soft-bodied robot, RoSE can physically mimic the human swallowing action, by

generating peristaltic waves, to transport the food bolus along the conduit. Unlike other

in vivo methods, RoSE offers a more steady swallowing behavior and does not hold the

risk associated with testing actual human subjects [14]. RoSE bridges the gap between

clinical and mathematical modeling fields, and it is intended to deform materials to

achieve clinically significant rheometry more faithfully.
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(a) (b) (c)

Wire

Larynx

Pharynx

Figure 2.11: Various swallowing robots, developed to enhance the understanding of the me-

chanics of swallowing for the field of enginnering, medical and food science. (a)

Concept of pharyngeal swallowing robot [94]; (b) In vitro dynamic simulation

system to mimic human swallowing, and to monitor food bolus transport [95]; (c)

Esophageal peristaltic actuator designed by implementing shape memory alloy

[96].

RoSE was fabricated using a custom-designed mold and housings, which are rapid

prototyped via fused deposition of Acrylonitrile Butadiene Styrene (ABS) plastic. An

RTV silicone rubber material (Ecoflex 0030, Smooth-on, USA) was chosen to build the

actuator [14]. The conduit of the robot has a diameter of 20 mm and a length of 215 mm,

which can be actuated pneumatically with the aid of pneumatic valves (Figure 2.12).

It consists of 12 layers (L1, L2, · · · , L12) of four equally spaced air chambers (whorl

of chambers) at each level. The actuator design specifications are based on the FEA

analysis conducted by Chen et al. [68].

The actuation protocol incorporates the inflating of all the chambers in a whorl

with the same pressure. The conduit and its surrounding actuation region is devoid

of any rigid element (Figure 1.1), which is analogous to the biology of the esophagus

[14]. Corresponding to its biological counterpart, the whorl chambers in RoSE deform

sequentially layer by layer under the pressure of supplied air in such a way that the

shape of the deformation can take the form of a traveling peristaltic wave from the top

layer to the bottom layer [15].

A variety of stretchable sensor arrays such as the capacitive sensor array [97], CNT

filled Ecoflex composite sensor array [91], and a multimodal stretchable array of

capacitive sensors [16], [98], were put inside the RoSE conduit, and experiments were

conducted to measure the deformation of the chambers, and Intraluminal Presssure

Signature (ILPS). The CNT sensor array experiments reported a nonlinear phenomenon
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Figure 2.12: Isometric view of RoSE assembly.

between the chamber deformation and the applied time-varying pressure trajectory

[91]. The nonlinearity occurs due to material continuous intrinsic deformation, and

dependencies between the input trajectories.

2.5 machine learning

The issue of searching for patterns in experimentally collected data is a key one and has

a long and efficient history. For example, the broad astronomical observations of Tycho

Brahe in the sixteenth century permitted Johannes Kepler to find the experimental laws

of planetary motion. Similarly, in the 20th century, the disclosure of regularities in the

spectra of atomic structure played a vital part in the improvement and validation of

quantum physics.
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The primary objective in the field of pattern recognition is to discover the regularities

in the data automatically by using computer algorithms and then to classify or to

regress a set of new data by using these detected regularities. One of the most simple

examples of the regression of data is polynomial curve fitting [99]. There are mainly

two parts involved in ML, the first one is the representation (training), and the second

one is the generalization. The evaluation of the data and the function in some instances

is referred to as representation, while in generalization, the performance of the system

is checked by introducing an unknown dataset to the network.

Due to the evolution of internet technology, computers and VLSI, research on ML

has widened, and its sole objective is to make computers learn by developing different

algorithms and techniques [100]. For instance, an ML trained system can distinguish

emails based on spam or non-spam emails. Some of the widespread applications of

ML techniques are data mining [101], face recognition [102], speech recognition, image

processing and classification, weather forecasting and system identification [100], [103].

2.5.1 Machine Learning in Robotics

In 2016, Stommel et al. [104] applied data driven modeling techniques to study the

learnability of peristaltic shapes of a soft robotic sorting table. Kim et al. [105] applied ML

in the area of full body motion sensing. The discussed deep learning calibration model

showed a significant rise in the efficiency of calibration of 20 soft sensors, attached to a

stretchable fabric sensing suit. In addition, the model has also shown higher accuracy

in full body estimation and pose prediction. Murrell et al. [106] discussed a simplified,

robust, and cost-effective ML algorithm to reduce the required number of sensors for

feedback and control in smart devices. The methodology leverages a single optical

sensor time-series dataset instead of relying on multiple sensors, and it can be applied

to sensor integrated Internet of Things (IoT) devices for performance enhancements.

2.5.2 Supervised Learning with Error Correction Learning Rule

All the ML techniques can be classified into two types: Supervised Learning (SL) and

Unsupervised Learning (UL) [100], [107]. SL is also known as learning with a teacher

(Figure 2.13). The teacher here represents the knowledge of the environment regarding

a labeled set of input and output examples, given as D = {x(i), y(i)}m−1
i=0 [101], [108]. D

is known as the training set, where m represents the number of input-output examples
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Figure 2.13: Block diagram of SL with error-correction learning rule.

(training examples) and each training input x(i) is a n dimensional vector of numbers,

representing features or attributes of the examples. The network of interest here does

not have any knowledge about the environment. The first step of SL is to expose both

the teacher and the network to a training vector (set of examples) taken from the

environment (D). The teacher will then be able to provide the desired response y(i) for

that training vector x(i) to the network as it already has that built-in knowledge. The

desired response is the optimum action that needs to be performed by the network.

The network learns the pattern by varying its parameters θ with the combined effect of

the error signal and the training vector. The adjustment to the parameters is carried

out iteratively to emulate the teacher by the network so that the knowledge of the

environment can be transferred fully. Finally, the moment at which the training process

is complete, the network can deal with the environment solely by itself. The emulation

done here is assumed to be optimal in a statistical sense, and the type of SL used is

known as error-correction learning.

The objective of SL is achieved by defining a cost function and then by minimizing it

over the network parameters. The cost function is taken as an error function regarding

the desired response and the actual response with a regularising term for controlling

the value of the parameters. The minimum point of the cost function is the desired

value for the network parameters at which the network will be able to generate the

accurate response for an unknown dataset drawn from the environment, provided the

network has been generalized well. SL is a set of functions that comprises the hypothesis

space and finding out a function from the hypothesis space, which is most likely given

an example. The algorithms used to minimize the cost (error) functions are known as
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optimization algorithms. In UL, there is no involvement of the teacher in supervising

the learning process.

2.5.3 Regression Algorithms Based on Supervised Learning

Regression is a ML algorithm that can be trained to predict the relationship between

input (predictor) and output (target) examples such as stock price or temperature.

Regression is based on a hypothesis, which is a function h(x(i), θ) that is dependent on

network parameter θ and input vector x(i). In regression the target values are continuous

such that y(i) ∈ R. In this section, various regression types are discussed.

2.5.3.1 Least Square Regression

Consider a dataset containing m number of training samples such that {x(i), y(i) : x ∈

Rn, y ∈ R}m
i=1 where, x(i) = [x(i)0 x(i)1 . . . x(i)n−1

]
T

is the ith training vector whose true

value (target value) is y(i) [109]–[111]. Assume that the target variable y is given by a

deterministic function h(x, θ) with additive Gaussian noise so that

y(i) = h(x(i), θ) + ε(i) (2.3)

where

h(x(i), θ) =
n−1

∑
j=0

ϑjψj(x(i)) = θTψ(x(i)) (2.4)

In (2.4), ψj(x(i)) are known as basis functions. The ψ0 is known as the bias parameter

and it allows for a fixed offest in the data. For convenience, ψ0(x(i)) is defined, and set

to unity. In (2.4), θ = [ϑ0, ϑ1, · · · , ϑn−1]
T and ψ = [ψ0, ψ1, · · · , ψn−1]

T. In (2.3), ε(i) is an

error term that captures unmodeled effects like the experimental error, random noise,

etc. and it is taken as an additive in nature which is Independently and Identically

Distributed (IID) normally with mean zero and variance σ2. The assumption can be

written as follows

ε(i) ∼ N(0, σ2) (2.5)

p(ε(i)) =
1

σ
√

2π
exp

(
− (ε(i))

2

2σ2

)
(2.6)
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Thus the probability distribution of y(i), given x(i) and parametrized by θ is given as

p(y(i)|x(i); θ) =
1

σ
√

2π
exp

(
− (y(i) − θTψ(x(i))

2
)

2σ2

)
(2.7)

The likelihood function L(θ) = L(θ; X, y) = p(y|X; θ), can be written as

L(θ) = p(y|X; θ) =
m−1

∏
i=0

p(y(i)|x(i); θ) (2.8)

In (2.8), X = [x(0),T x(1),T . . . x(m−1),T]
T
∈ Rm×n, and y = [y(0) y(1) . . . y(m−1)]

T
.

Substituting (2.7) in (2.8)

L(θ) =
m−1

∏
i=0

1
σ
√

2π
exp

(
− (y(i) − θTψ(x(i))

2
)

2σ2

)
(2.9)

The log likelihood function, l(θ) = log L(θ), can be written as

l(θ) = m log
1

σ
√

2π
− 1

σ2 ED(θ) (2.10)

where the sum-of-squares error function ED(θ) is defined by

ED(θ) =
1
2

m−1

∑
i=0

(y(i) − θTψ(x(i))
2
) =

1
2
‖y−Ψ(X)θ‖2 (2.11)

Now, given the probabilistic model, l(θ) of the data set, the principle of maximum

likelihood suggests that the parameter vector θ should be chosen in such a way that the

data becomes highly probable i.e. l(θ) should be maximised with respect to θ. Instead of

maximising L(θ) or l(θ), error function ED(θ) can be minimised on θ. Taking gradient

of (2.11), and equating it to zero (using batch gradient method), θ̂ can be written as

∇ED(θ) = 0 (2.12)

Solving for θ

θ̂ = (ΨTΨ)
−1

ΨTy (2.13)

Here Ψ is an design matrix of size m× n, and Ψ is given as

Ψ =


−ψT(x(0))−

−ψT(x(1))−
...

−ψT(x(m−1))−

 =


ψ0(x(0)) ψ1(x(0)) · · · ψn−1(x(0))

ψ0(x(1)) ψ1(x(1)) · · · ψn−1(x(1))
...

...
. . .

...

ψ0(x(m−1)) ψ1(x(m−1)) · · · ψn−1(x(m−1))

 (2.14)
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2.5.3.2 Linear Least Squares Regression

For linear Least Squares (LS) regression, the basis function in (2.4) becomes ψ(x(i)) = x(i)

where, j, ith element of Ψ is ψj(x(i)) = x(i)j . Thus (2.4) can be re-written as

h(x(i), θ) =
n−1

∑
j=0

ϑjx
(i)
j = θTx(i) (2.15)

The sum-of-squares error function ED(θ) can be re-written as

ED(θ) =
1
2

m−1

∑
i=0

(y(i) − θTx(i)
2
) =

1
2
‖y− Xθ‖2 (2.16)

Thus, (2.13) becomes

θ̂ = (XTX)−1XTy (2.17)

2.5.3.3 Ridge Regression

As the number of features in a dataset increases (n), the dimension of θ̂ also increases

which raises the model complexity and order, thus overfitting may occur. Some of the

elements in θ̂ stretch to very high values in both the positive and negative direction

hence, there should be a bound on the values of the parameters to avoid overfitting

[109], [112], [113]. One method that is often used to regulate the phenomenon in such

circumstances is regularisation by a penalty term. By introducing a penalty term on the

optimisation parameters, the new objective function can be written as

arg min
θ

(ED(θ)) = arg min
θ

1
2

m−1

∑
i=0

(
y(i) −

n−1

∑
j=0

ϑjx
(i)
j

)2
 (2.18)

s.t.
n−1

∑
j=0

∣∣ϑj
∣∣2
2 ≤ η, η ≥ 0 (2.19)

Equation 2.18 is an example of Quadratically Constrained Quadratic Programming

(QCQP), since the objective function is quadratic with norm inequality constraints. Its

Lagrangian is given as

E(θ) =
1
2
‖(y− Xθ)‖2

2 +
1
2

λ ‖θ‖2
2 = ED(θ) + λER(θ) (2.20)

Taking derivative of (6.6) and equating it to zero, the ridge estimate of the parameter

θ can be written as
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θ̂ridge = (XTX + λIn)
−1

XTy (2.21)

Assume that the number of dimensions of the feature vector be two. Hence θ can

be written as θ = [ϑ0, ϑ1]. If λ is zero then (6.6) becomes an ordinary LS optimiza-

tion problem, and if λ goes to infinity then, ER(θ) dominates over ED(θ). The λ in

λER(θ) =
λ
2 ||θ||22 = λ

2 (ϑ0
2 + ϑ1

2) ≤ λ
2 η dictates the radius of the circle (shaded region

in Figure 2.14). If λ increases then the area of the shaded region also increases, lead-

ing to a bigger circle. Hence, it can be concluded that for a specific λ (λ1, λ2, λ3), the

point at which the contours of ER(θ) and ED(θ) intersect (|∇ER(θ)| = |∇ED(θ)|) is an

optimum point for the constrained optimisation problem. Each value of λ will give

different solutions of θ for ∇E(θ) = 0 such that if λ is very high, than ED(θ) becomes

insignificant. In such a scenario, we are only minimizing ER(θ) and thus, we will get

only a small value of θ, since for λ >> 0, (2.21) becomes θ̂ridge ≈ λ−1XTy. Hence,

selecting the value of λ is always a trade-off between the value of ED(θ) and ER(θ).

In Figure 2.14, the green colour curve represents the locus of all the optimum points

for different λ. For such convex optimisation problem, ϑ1 is much closer to the zero as

compared to ϑ0 because the locus plot is always non-linear which makes the dependency

of ϑ0 and ϑ1 on λ different (Figure 2.14). The entire concept can be extended to an n

dimensional vector θ, where some of the ϑ’s belonging to θ are close to zero, when the

ridge regression algorithm converges.

2.5.3.4 Least Absolute Selection and Shrinkage Operator (LASSO)

Instead of using l2 regularization on the constraints, l1 regularization can also be used.

In such cases, the regression technique is known as Least Absolute Selection And

Shrinkage Operator (LASSO) [114], [115]. Rewriting (6.6) with l1 norm

E(θ) =
1
2
‖(y− Xθ)‖2

2 + λ ‖θ‖1 | ||θ||1 ≤ B (2.22)

where, ED(θ) =
1
2
‖(y− Xθ)‖2

2 (2.23)

Equation 2.22 is an example of quadratic programming (QP), since the objective function

is quadratic with linear inequality constraints. Equation 2.23 can be rewritten as

ED(θ) =
1
2

m−1

∑
i=0

(y(i) − θTx(i)
2
) =

1
2

m−1

∑
i=0

(y(i) − θT
−jx

(i)
−j − ϑjxj

(i))2 (2.24)

Thus, (2.22) can be rewritten as

E(θ) =
1
2

m−1

∑
i=0

(y(i) − θT
−jx

(i)
−j − ϑjxj

(i))2 + λ
n−1

∑
j=0

∣∣ϑj
∣∣ (2.25)
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ϑ0

ϑ1 ED(θ
(1))

ED(θ
(2))

θ̂LS

1
2 ||θ||22 ≤

1
2 η

θ̂ridge

ϑ1

ϑ0

λ = λ2(< λ1)

λ = λ1

Figure 2.14: Contour plot for ridge regression. The red color closed curve represents the contours

of ED(θ). The shaded region bounded by the blue circle depicts the ER(θ). The

optimum point is given by the intersection of the black and blue contours. By

varying the radius of the circle with λ, different optimization points can be obtained.

The locus of all the optimum points is represented by the green curve.

Differentiating E(θ) on ϑj

∂E(θ)
∂ϑj

=
m−1

∑
i=0

(
y(i) − θT

−jx(i)−j − ϑjx
(i)
j

)
(−x(i)j ) + λ

∂

∂ϑj
(|ϑ0|+ |ϑ1| ... |ϑn−1|) (2.26)

∂E(θ)
∂ϑj

=
m−1

∑
i=0

ϑj

(
x(i)j

)2
−

m

∑
i=1

(
y(i) − θT

−jx(i)−j

)
(x(i)j ) + λ

∂

∂ϑj
(
∣∣ϑj
∣∣) (2.27)

∂E(θ)
∂ϑj

= ajϑj − cj + λ
∂

∂ϑj
(
∣∣ϑj
∣∣) (2.28)

where, aj =
m−1
∑

i=0

(
x(i)j

)2
and cj =

m−1
∑

i=0

(
y(i) − θT

−jx(i)−j

)
(x(i)j ) such that cj signifies the

correlation between the jth feature of x(i) and residual due to other features (y−X−jθ−j).

Thus, cj gives the relevance of significance of the jth feature in the prediction of y. The

problem in taking the derivative of E(θ) is differentiating f (ϑ) = |ϑj|, which is not
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f (ϑ) = |ϑ|

Slope = −1 Slope = 1

ϑ ∈ θ

ϑ0

ϑ̂j(cj)

Slope = 1
aj

−λ λ cj

(a) (b)

Figure 2.15: Concept of subgradient of the function f (ϑ) in LASSO. Illustration of (a) subgradient

of |ϑ|, and (b) ϑ̂j(cj) with cj

differentiable at ϑj = 0, because there is an existence of discontinuity at this point. Such

types of problems fall under the category of non-smooth optimization. To handle such

problems, the subgradient or subderivative of the function f (ϑ) must be defined. The

first order Taylor’s series approximation of f (ϑ) at ϑ = ϑ0 is given as

f (ϑ) ' f (ϑ0) + f
′
(ϑ0)(ϑ− ϑ0) + higher order terms (2.29)

f (ϑ)− f (ϑ0) ≥ f
′
(ϑ0)(ϑ− ϑ0) ∀ϑ ∈ I 3 f : I → R (2.30)

where I is an interval containing ϑ, such that for all ϑ that belongs to I, must satisfy

the condition in (2.29). For, f (ϑ) = |ϑ| at ϑ = 0, we can write

r1 = lim
ϑ→ϑ0

−
f
′
(ϑ0) = lim

ϑ→ϑ0
−

f (ϑ)− f (ϑ0)

(ϑ− ϑ0)
= lim

ϑ→0−

|ϑ| − |0|
(ϑ− 0)

=
−ϑ

ϑ
= −1 (2.31)

r2 = lim
ϑ→ϑ0

+
f
′
(ϑ0) = lim

ϑ→ϑ0
+

f (ϑ)− f (ϑ0)

(ϑ− ϑ0)
= lim

ϑ→0+

|ϑ| − |0|
(ϑ− 0)

=
ϑ

ϑ
= +1 (2.32)

where [r1, r2] = [−1, 1] f (ϑ)=|ϑ|
ϑ0=0

is the set of all possible subgradients at the discontinuity

ϑ = ϑ0 which is 0 (Figure 2.15 (a)).

Thus the derivative of f (ϑ = |ϑ|) and E(θ) can be written as

∂ |ϑ|
∂ϑ

=


−1, ϑ < 0

[−1,+1] , ϑ = 0

+1, ϑ > 0

(2.33)
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∂E(θ)
∂ϑj

=


ajϑj − cj − λ, ϑj < 0[
−cj − λ,−cj + λ

]
, ϑj = 0

ajϑj − cj + λ, ϑj > 0

(2.34)

For finding out the minimum of E(θ), equating (2.34) to zero and solving for ϑj

ϑ̂j(cj) =



cj+λ

aj
, cj < −λ

0, cj ∈ [−λ, λ]

cj−λ

aj
, cj > λ

(2.35)

If cj ∈ [−λ, λ] then the subgradient is zero at ϑ̂j = 0 (Figure 2.15 (b)), so the feature

associated with ϑj is weakly correlated with the residuals. Thus, jth feature is not

contributing to the error made in prediction of y. Additionally, it can be concluded that

such features are not essential for the optimization problem and they can be treated as

irrelevant features. If the value of λ is suitably large, then the optimization problem will

become sparse as many features will be identified to have a weak correlation with the

residuals, and hence θ̂ will be a sparse estimate of θ. The compact form of Equation 2.35

can be written as

ϑ̂j(cj) = sign
(
cj
) ( |cj| − λ

aj

)
+

(2.36)

2.5.3.5 Sequentially Thresholded Regression Based Techniques

In general, LASSO performs well to promote sparsity, but when the collected data

is highly correlated, the performance of LASSO becomes poor [116]. The assumption

in the Sequentially Thresholded Least Squares Regression (STLSR) algorithm is that

the regressor coefficient magnitude characterizes the relevance of the corresponding

regressor to describe the collected data. A dominant regressor is implied by a higher

coefficient value. A sparsification factor µ is used in the algorithm to remove all the

regressors whose coefficients are less than µ. By running the algorithm recursively,

the system preserves only dominant regressors and discovers dynamics from the data

[117].

The STLSR algorithm considers that a few essential terms manage the key dynamics

and data trajectory, and hence a higher value of the model coefficient is assigned to the



58 literature review

regressor of dominance. In STLSR, a LS estimation of (2.17) is obtained, and after that, a

hard threshold set by µ is done on the regressor coefficients. The algorithm for STLSR is

given in Algorithm 1.

Algorithm 1 Determining optimum θ by applying STLSR.

1: function STLSReg(X, y)

2: θ̂ ← (XTX)−1XTy . LS regression

3: for i← 0, maxIter do

4: small Inds← |θ| < µ . Select small coefficients indices

5: θ(small Inds) = 0 . Apply hard threshold

6: for j← 0, numDim do

7: bigInds←∼ small Inds(:, j) . Select big coefficients indices

8: θ̂(bigInds, j)← (X(:, bigInds)TX(:, bigInds))−1X(:, bigInds)Ty(:, j) .

Apply LS regression again

9: end for

10: end for

11: end function

If the LS in STLSR is replaced by the ridge regression equation given by (6.6), then the

resulting algorithm is known as Sequentially Thresholded Ridge Regression (STRR). For

λ = 0, STRR becomes STLSR [116].

2.5.3.6 Support Vector Machines (SVM)

The support vector machines is a learning network like Artificial Neural Networks (ANN)

for classifying two-label problems. The key concept of Support Vector Machines (SVM)

was first introduced by Vapnik in 1965 [118]. It is assumed that the number of input

features is very high resulting in a nonlinear mapping of the input vectors to a high

dimensional space. The initial implementation of the SVM algorithm was based on the

fact that the two class data is linearly separable in the high dimensional feature space.

The idea was later on extended to multi-class [119], non-separable [120] and regression

problems [121]–[123].

Consider a two class linearly separable problem where y denotes the output (y =

{−1, 1}), x denotes the input vector with dimension n, and w and b denotes the model

parameters such that ∈ Rn, and ∈ R. The key idea is to implement logistic regression in

such a way that if wTx + b ≥ 0 , then the prediction is y = 1 or else it goes in favour of

y = −1. Let the hypothesis be hw,b(x) = g(wTx + b) 3 g : x→ y/hw,b(x) ∈ {−1, 1}.The

intuition of SVM can be written as
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x(i)

wTx + b = 0

x1

x2

w
||w||

x(i) − γ̂(i) w
||w||

−γ̂(i) w
||w||

Margin

Figure 2.16: Linearly separable optimal classifier.

y(i) =

 = +1, wTx + b� 0, ∀i

= −1, wTx + b� 0, ∀i
(2.37)

From (2.37), it can be established that correct classification occurs when y(i)(wTx +

b) > 0. Figure 2.16 is an example of a two label problem in two-dimensional feature

space where the objective is to separate the crosses and the circles. For separation, the

number of possible decision boundaries is infinite (green line) but the objective is to

select the best possible boundary.

Let the best possible boundary be given by the blue line whose parameters (w, b) are

unknown, and let γ(i) define the perpendicular distance between the blue line and the

ith training example which is known as the Geometric Margin (GM) with respect to the

ith training example. By using geometry, the vector representing the black dot lying on

the decision boundary can be determined and its expression is given by the (2.38). The

GM for the entire dataset is chosen by satisfying (2.39).

wT
(

x(i) − γ(i) w
‖w‖

)
+ b = 0 (2.38)

γ(i) =
1
‖w‖

(
wTx(i) + b

)
(2.39)
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γ = min
i

γ(i) (2.40)

The Functional Margin (FM) of a hyper plane with parameters w and b is given

by γ̂(i) = y(i)(wTx + b). By increasing the value of the parameters (w, b), it is easy

to increase the FM but the GM is invariant to any parameter change, so varying the

parameters won’t change anything meaningful in terms of maximising the margin.

Intuitively, it might therefore make sense to impose a normalization condition ‖w‖2 = 1

and under this condition the FM is equal to the GM.

γ̂(i) = ‖w‖ γ(i) (2.41)

γ̂ = min
i

γ̂(i) (2.42)

The objective of the optimal margin classifier is to maximise the worst case GM, which

is given by

max
γ,w,b

γ (2.43)

s.t. y(i)(wTx + b) ≥ γ (2.44)

‖w‖ = 1 (2.45)

As ‖w‖ = 1 is a non-convex constraint so it is difficult to solve the above optimi-

sation problem. The problem can be redefined in terms of FM and then by scaling the

parameters such that γ̂ = 1 , (2.43) to (2.45) can be rewritten as

min
γ,w,b

f(w) =
1
2
‖w‖2 (2.46)

s.t. gi(w) = −
(

y(i)(wTx(i) + b)− 1
)
≤ 0, i = 1, ..., m (2.47)

The solution of the quadratic problem given by (2.46) and (2.47) gives optimal margin

classifier.

The Lagrangian of (2.46) and (2.47) is given as

L(w, b, α) =
1
2
‖w‖2 −

m

∑
i=1

αi

[
y(i)(wTx(i) + b)− 1

]
(2.48)
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By using Lagrange’s duality and KKT conditions, at the optimal value of the parameters,

it can be shown that

∂L(w∗, α∗, b∗)
∂wi

= 0 (2.49)

∂L(w∗, α∗, b∗)
∂bi

= 0 (2.50)

α∗igi(w∗) = 0 (2.51)

gi(w∗) ≤ 0 (2.52)

α∗i ≥ 0 (2.53)

Investigating, α∗igi(w∗) = 0 suggests that either α∗i = 0 or gi(w∗) = 0. If gi(w∗) = 0,

then FM = y(i)(w∗Tx(i) + b) = 1 are known as support vectors. If gi(w∗) ≤ 0, which

implies FM for those vectors whose α∗i = 0 has FM greater than unity. Hence, it can be

concluded that α∗i will be equal to zero for all vectors, except the support vectors and

the resulting algorithm is known as SVM.

2.5.4 Optimization Algorithm for Cost Function Minimization

2.5.4.1 Trust-Region-Reflective Method

The sum-of-squares error function ED(θ) given in Section 2.5.3.1 is defined as

ED(θ) =
1
2

m−1

∑
i=0

(y(i) − θTψ(x(i))
2
) =

1
2
‖y−Ψ(X)θ‖2 (2.54)

By Taylor series, the second order (quadratic) approximation ED(θ) at θk can be

written as

ED(θ) ≈ Ek
Dq
(θ) = ED(θ

k) +∇ED(θ
k)

T
.(θ − θk)

T
+

1
2
(θ − θk)

T
.H(θk).(θ − θk) (2.55)

To solve (2.54), a modified Newton method known as the Trust-Region-Reflective

Method (TRRM) can be implemented so that the limitations of the classical Newton

method can be addressed [124]–[126]. The Trust Region (TR), Ωk for kth iteration in

TRRM can be defined as

Ωk =
{

θ :
∥∥∥θ − θk

∥∥∥
2
≤ ∆k

}
(2.56)
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Ωk =
{

θ :
∥∥θ − θk

∥∥
2 ≤ ∆k}

θk

θk+1

if rk < 0, Ωk+1 = Ωk/4

Contours of EDq(θ)
Contours of ED(θ)

Figure 2.17: Contour plot of TRRM. The black and red closed curves represent the contours of

ED(θ) and EDq(θ), respectively. The red and green shaded regions represent the TRs

Ωk and Ωk+1. The shrinking of the TR given by Ωk+1 is the result of poor quadratic

approximation, determined by rk.

For any initial θk, determine the second order approximation of ED(θ) represented

by Ek
Dq
(θ) and define initial TR given by (2.55) and (2.56), respectively (Figure 2.17). Let

rk be a ratio, given by (2.57).

rk =
Actual error

Quadratic approximation error
=

Ek
D(θ)− Ek+1

D

Ek
Dq
(θ)− Ek+1

Dq
(θ)

(2.57)

Now, minimize (2.58) to get θk+1, subject to the condition given in (2.59), and deter-

mine rk such that if rk is much less than unity or less than zero, then reduce TR by a

fraction and replace θk+1 with θk. If EDq(θ) is good enough then rk is close to unity. In

such condition, keep θk and increase TR (Figure 2.17, Algorithm 2).

min Ek
Dq
(θ) (2.58)

s.t. θ ∈ Ωk (2.59)
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Algorithm 2 Minimization of sum-of-squares function by TRRM.

1: function TrrmOptm(θ0, ε, ∆0)

2: k← 0

3: E0
D(θ)← ED(θ

0), E0
Dq
(θ)← EDq(θ

0)

4: while ||∇Ek
D|| > ε do . Until the gradient reaches close to zero.

5: θk+1 ← arg minθ∈Ωk Ek
Dq
(θ) . LS regression

6: Ek+1
D (θ)← ED(θ

k+1), Ek+1
Dq

(θ)← EDq(θ
k+1)

7: rk ← Ek
D(θ)−Ek+1

D (θ)

Ek
Dq (θ)−Ek+1

Dq (θ)
. Higher r corresponds to better quadratic

approximation.

8: if rk ≤ 0.25 then . Quadratic approximation is not good enough.

9: ∆k+1 ← 0.25||θk+1 − θk|| . Shrinking the TR.

10: else if rk ≥ 0.75 and
∥∥θk+1 − θk

∥∥ == ∆k then . Good quadratic

approximation.

11: ∆k+1 ← 2∆k+1 . Enlarging the TR.

12: else

13: ∆k+1 ← ∆k+1

14: end if

15: if rk < 0 then . Negative approximation means Ek+1
D increased.

16: θk+1 ← θk

17: end if

18: k← k + 1

19: end while

20: end function

2.5.5 System Identification

One of the biggest applications of ML is System Identification (SI) of complex nonlinear

dynamical systems whose dynamics cannot be represented by any mathematical model.

SI is deducing a mathematical description (a model) of a complex nonlinear dynamic

system from a series of experimental measurements on the system. The motive for

finding out the mathematical description of the dynamic systems are several. Some

of them are the detection of faults, system simulation, the prediction for unknown

input, and design of the control system. Often, SI techniques, which are reliable when

applying the laws of science become difficult for building a model. Depending upon

the insight knowledge about the system, SI can be categorized into three types [127]:
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• Black-box modeling: SI is fully based on the experimentally measured data, and

no or minuscule knowledge about the dynamics of the system is available.

• Gray-box modeling: A certain degree of insight into the physical system is avail-

able, and it is used for the enhancement of empirical modeling.

• White-box modeling: Modeling a system by using its physical dynamics comes

under the category of white-box modeling.

2.5.5.1 Symbolic Regression (SR)

One of the biggest challenges in the field of complex nonlinear dynamical systems is

finding out the underlying Differential Equation (DE) (partial DE) governing the system.

The task here is to find out the DE of an unknown system from the observations made

during the experiments. The data recorded during the experiments are in a time-series

format so that a dynamical model can be built. Many different methods are discussed

and proposed in the literature to achieve the required objective for the task. One of

the methods for determining the DE is Symbolic Regression (SR) [103], [128]. The main

purpose of SR is to generate symbolic equations from time-series data of a nonlinear

dynamic system [103].

Unlike the old and traditional regression approaches which fit parameters to an

equation of the specified form, SR determines both the parameters and the form of the

equation. The basic steps for the algorithm SR (Figure 2.18) are

• Specifying a general equation form by using algebraic operators like sine and

cosine terms, constants, and state variables.

• Determining new equations, by recombining old equations and changing their

subexpressions probabilistically.

• Defining stopping criteria that can select equations that model the experimental

data better than the rest of the equations.

• Validating the accuracy of the selected equations over a set of test data.

Though this method is respectable to find out the underlying DE of a physical

system, it cannot be used readily to find out the governing laws of physics acting

on it. Alternatively, SR can be used to determine the law regarding the system’s state

so that the physical law becomes a function. The challenge here is to avoid many

trivial solutions that describe meaningless relationships between the quantities. The
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Figure 2.18: Flowchart of SR algorithm [128].

key understanding of recognizing nontrivial laws computationally is that candidate

equations ought to foresee associations between the flow of sub-parts of the system

[128]. SR is a strategy for looking at the space of expressions computationally by limiting

different error measurements. Both the parameters and form of the candidate equation

are liable to seek. In SR, many initially random symbolic equations contend to fit the

data collected during experiments in a very grasping way. It shapes new equations

by recombining past ones and probabilistically fluctuating their sub-expressions. The

algorithm holds equations that model the test information well while leaving out the

trivial solutions. The algorithm stops after an equation achieves a prescribed measure

of accuracy, restoring its most close-fisted equation that is well on the way to compare

it to the natural dynamics of the observed system.

2.5.5.2 Sparse Identification of Nonlinear Dynamics (SINDY)

In reality, most physical frameworks and systems have just a couple of relevant terms

that characterise their dynamics, which makes the underlying governing equation

sparse in a high dimensional non-linear function space. In 2016, Brunton et al. [117]

described a sparse regression based technique known as the Sparse identification of
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Nonlinear Dynamics (SINDY). It has become dominant in identifying the dynamics of

linear and nonlinear oscillators, simple canonical systems, the Lorenz system, and the

fluid vortex shredding behind an obstacle.

The SINDY method relies on sparse supporting techniques to determine the fewer

terms in the governing dynamics of the system which can generalise the experimentally

collected data accurately. The time series measurement for the data collection can be

made either in the Eulerian or Lagrangian framework. If the sensors are fixed spatially,

and the measurement of the sensor only varies with time, then the measurement process

comes under the Eulerian framework. In the case of the Lagrangian framework, the

sensors are placed on top of the object so that it can move with the dynamics. The

advantages of the SINDY method are

• Like SR, the SINDY balances the complexity of the model and accuracy by choosing

a parsimonious model out of all the candidate models [116], [117].

• The method can disambiguate non-unique dynamical relationships by utilising

the several time series measurement taken from the initial data [116].

ẋ(t) = f(x(t)) (2.60)

Consider the state vector x(t) and time derivative ẋ(t) for all the time samples {t}m−1
i=0 ,

such that x(t) and ẋ(t) ∈ Rn. At t = ti, x(t) and ẋ(t) are given as

x(ti) = x(i) =
[

x(i)0 , x(i)1 , ..., x(i)n−1

]T
(2.61)

ẋ(ti) = ẋ(i) =
[

ẋ(i)0 , ẋ(i)1 , ..., ẋ(i)n−1

]T
(2.62)

The snapshot matrices, X and Ẋ ∈ Rm×n, collect the sampled data of x(t) and time

derivative ẋ(t), respectively for {t}m−1
i=0 . The matrices can be defined as

X =


−xT(0)−

−xT(1)−
...

−xT(m−1)−

 =


x(0)0 x(0)1 · · · x(0)n−1

x(1)0 x(1)1 · · · x(1)n−1
...

...
. . .

...

x(m−1)
0 x(m−1)

1 · · · x(m−1)
n−1

 (2.63)

(2.64)
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Ẋ =


−ẋT(0)−

−ẋT(1)−
...

−ẋT(m−1)−

 =


ẋ(0)0 ẋ1

(0) · · · ẋ(0)n−1

ẋ(1)0 ẋ(1)1 · · · ẋ(1)n−1
...

...
. . .

...

ẋ(m−1)
0 ẋ(m−1)

1 · · · ẋ(m−1)
n−1

 (2.65)

Next, construct a library of candidate functions matrix, defined by Θ, consisting of

constant, different orders of polynomial, and trigonometric terms. The library matrix Θ

can be defined as

Θ(X) =
[
1 X XP2 XP3 · · · sin(X) cos(X) · · ·

]
(2.66)

In (2.66), if the number of states is n and the order of the polynomial is k, then the

dimension of XPk is pCk, where p = k + n− 1. For k = 2, XP2 is given as

XP2 =


x2,(0)

0 x(0)0 x(0)1 · · · x1
2,(0) · · · xn−1

2,(0)

x2,(1)
0 x(1)0 x(1)1 · · · x1

2,(1) · · · xn−1
2,(1)

...
...

. . .
... · · ·

...

x2,(m−1)
0 x0

(m−1)x1
(m−1) · · · x1

2,(m−1) · · · xn−1
2,(m−1)

 (2.67)

Each column of Θ(X) represents the potential candidate for the final right-hand side

expression for (2.60). There is an enormous opportunity for decision in building the

library function of nonlinearities. Since only a few of the candidates will appear in the

row of f in (2.60), a sparse regression problem can be defined as

Ẋ = Θ(X)Υ (2.68)

where Υ = [υ0, υ1, · · · , υn−1] is a sparse matrix of coefficients of order p× n such

that the sparse vectors {υi}n−1
i=0 , lie in the subspace of Rp. The sparsity of υi selects the

active terms from Θ(X) to identify the fi of ẋi = fi(x) in (2.60). After the determination

of Υ, the ith row of f can be written as

ẋi = fi(x) = Θ(xT)υi (2.69)

where Θ(xT) is now a vector of symbolic functions of states in x. The overall model can

be written as

ẋ = ΥTΘ(xT)T (2.70)
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2.5.6 Reduced Order Modeling (ROM)

A low-dimensional representation of a higher order system can often be leveraged

by the application of Reduced-Order Modeling (ROM) based techniques such as the

Total Principle Component Regression (TPCR) [129], and the Principle Orthogonal

Decomposition (POD) based on the Singular Value Decomposition (SVD) [117]. POD

facilitates reduced-order models of the physical system such that the maximum vari-

ance of the data collected from the system is captured in the model. The Principal

Component Regression (PCR) models the relationship between a dependent variable

and one or more independent variables. Instead of directly implementing a standard

linear regression model, the PCR uses principle component analysis for estimating

unknown regressing model coefficients. Compared to the PCR, the TPCR decomposes

the output space into two subspaces. In [129], a TPCR-based model was developed for

data-driven key performance indicators oriented fault detection. For reliable online

tracking ability, and availability of new measurements online, the TPCR model needs to

be updated (online training) by solving SVD repeatedly, which increases the computa-

tional burden significantly. The recursive-TPCR implements recursive manner update by

performing large-scale matrix calculations in the Singular Value (SV) space instead of

the measurement space [129].

2.6 chapter summary

To establish the current state of the art surrounding the capability of RoSE in palliation

of dysphagia and modeling and control of the Robotic Soft Esophagus (RoSE), the

literature review of this thesis primarily explored the following aspects:

• Medical background of esophageal swallowing.

• Evaluation of food bolus transit in the esophagus.

• Causes and palliation of dysphagia.

• Biologically inspired soft robotics.

• Biomimicking swallowing robots.

• Machine Learning for system identification.

Swallowing is a process comprised of food bolus transportation from the oral cavity

to the stomach through the esophagus with the aid of peristalsis. A peristaltic failure,
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known as the ineffective peristalsis, is associated with swallowing impairment and

often leads to a residue of food particles in the esophagus. Any esophageal impairment,

which compromises swallowing efficiency, is known as dysphagia. It can be commonly

seen in a substantial number of elderly people or Esophageal Cancer (EC) patients. EC

is not usually diagnosed until at least 50% of the esophagus is affected, which makes it

one of the deadliest cancers. In medical science, manometry and videofluoroscopy are

considered as the gold standard for assessing swallowing and dysphagia in patients.

The palliation of dysphagia can be addressed with endoprosthetic stent placement

in the esophagus. A stent is a braided mesh of interwoven helical springs, which can

readily hoop around the esophageal conduit, and it can hold open the esophagus

during malignant and benign esophageal strictures for clearance of food. However, the

stents are often associated with stent migration, which occurs due to the interaction of

the stents with the repeated peristaltic motion of the esophagus.

To mitigate stent migration, researchers and clinicians are working hand in hand

to develop novel stent designs, but present research on stent testing and modeling

for substantial equivalence is still restricted to analytical modeling and Finite Element

Modeling (FEM) since manometry and videofluoroscopy on stent implanted patients

is a primary ethical concern. In such a scenario, a swallowing robot can be a best-

compromise approach to investigating the physiology of swallowing, and to testing

novel stent designs.

Soft robotics emerges from the idea of mimicking natural and biological phenomena,

which are built with soft and compliant modules. The significant advantage of soft

robots over their traditional counterparts is their excellent adaptability to the environ-

ment. Hence, a RoSE is developed as an esophagus simulator with extended biomedical

applications. The robot can physically mimic the biological swallowing process by

generating peristaltic waves of different characteristics. Additionally, the conduit of the

RoSE is designed with a soft elastomer, which is analogous to its biological counterpart.

Unlike rigid body robots, soft robots cannot be described by six degrees of freedom.

Modeling and controlling soft robots, like RoSE, plays a big part in enhancing the

robot’s capability to mimic the biological phenomena further. Due to the continuous,

complex, and highly compliant intrinsic deformation of the materials used in soft

robots, conventional modeling, and control algorithms are difficult to implement. The

dynamics of such robots are nonlinear, and it can hardly be derived from first principles

in state space.

In contrast with other modeling techniques, Machine Learning (ML) based algorithms

are data-driven based, and they are highly capable in mapping arbitrary functions.
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ML algorithms are fast becoming a key instrument for understanding the underlying

physics of the nonlinear dynamical systems as researchers are collecting data from

experiments. Many algorithms (such as Sparse identification of Nonlinear Dynamics

(SINDY)) developed in the literature have become dominant in identifying the dynamics

of linear and nonlinear oscillators, simple canonical systems, the Lorenz system, and

the fluid vortex shredding behind an obstacle from data.

The knowledge from these various areas laid a foundation upon which the research

in this thesis is developed. The following chapters further dig into each area and fill

several gaps in modeling, sensing, and control of RoSE. Further, the research provides a

unique platform for novel stent testing in the form of RoSE.



Part III

T H E E X E C U T I O N

"I’ve missed more than 9,000 shots in my career. I’ve lost almost 300 games.

Twenty-six times I’ve been trusted to take the game-winning shot and missed. I’ve

failed over and over and over again in my life. And that is why I succeed".

–Michael Jordan





3
R O S E C A PA B I L I T Y I N I N V E S T I G AT I O N O F S T E N T R A D I A L

F O R C E A N D M I G R AT I O N

3.1 introduction

Swallowing is a complex but orderly physiological process transporting saliva or

food from the mouth to the stomach. The physiology and anatomy of swallowing

are elucidated with the critical insights from in vivo studies [15]. Any esophageal

impairment that compromises the efficiency of swallowing is known as dysphagia [33].

Severe pathologies, for instance, benign esophageal strictures from various injuries,

esophageal cancer, and esophageal perforations, distress lumen patency explicitly

leading to dysphagia.

Dysphagia caused by malignant and benign esophageal strictures from esophageal

cancer can be addressed with endoprosthetic stent placement, commonly known as

esophageal stenting [40]. Stents are proven to be efficient endoprosthetic management

for both malignant and benign esophageal strictures, as they can hold open the esopha-

gus and hence, relieve the impediments of compromised lumen patency in such cases.

Furthermore, the insertion procedure of a Self-Expandable Metallic Stent (SEMS) is less

traumatic because of its flexibility, and it can be readily compressed into a smaller

delivery system [11], [12], [42].

However, this method of palliative treatment does have its inadequacies, and one

of the significant shortcomings is stent migration, caused due to the interactions of

an implanted stent with the continuous peristaltic contractile forces of the esophageal

wall [13]. Stent deployment has reported about 30− 50% long term success rates, with

migration being the main associated complication in most of the failure cases [44], [45].

The efforts to mitigate pain and migration, to improve stent removability and flexibility,

and to ensure stent patency have revolutionized the SEMS designs. The evolution of

stent design has made stenting a more effective treatment in both benign and malignant

esophageal diseases.

In the event of esophageal stent implantation, manometry and videofluoroscopy on

patients are less preferred methods for studying bolus geometry, Intra-Bolus Presssure

Signature (IBPS), and stent inadequacies (such as stent migration), because the tech-

73
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Figure 3.1: Schematic of side and top sectional view of RoSE. The left and right drawings reflect

the longitudinal and axis-symmetric arrangement of the chambers, respectively.

niques are not very comfortable for the patients, and there are major ethical concerns

associated with such kinds of studies. Despite recent technological innovations in this

field, evidence to show which stent design is better than another is confined to a few

Randomized Controlled Trials (RCT) in patients with malignant esophageal strictures

[130].

The soft-bodied robot, Robotic Soft Esophagus (RoSE) (Figure 1.1,Figure 3.1) can phys-

ically mimic the human swallowing action, by generating peristaltic waves (Figure 3.1),

to transport the food bolus along the conduit [14], [15]. RoSE could vary the bolus

parameters and the peristaltic parameters (such as wave speed and wavefront length)

independently, which is crucial to comprehend the effect of these variations as a fit to a

broader set of similar pathological paradigms.

Since RoSE can physically mimic human swallowing behavior; thus, instead of actual

patients, RoSE can be used to conduct studies on the various stent designs and their

inadequacies before implanting them in patients with malignant and benign esophageal

strictures. This chapter aims to investigate the following capabilities of RoSE:

1. to perform experiments on two stents having different radial stiffness characteris-

tics for evaluating their respective Radial Forces (RFs), and
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2. to study the effect of the RFs on the migration of the stents.

The RoSE stent testing protocols provide a novel in vitro platform to perform a

wide-ranging assessment of the stent behavior. The protocols are capable of generating

spatio-temporal peristaltic waves of different characteristics in the RoSE conduit. In

this chapter, commercially designed stents are subsequently deployed in the RoSE and

analyzed to validate the above-tested capabilities of the soft robot.

3.2 rose actuator , design and materials

The RoSE actuator has 12 layers (L1, L2, ..., L12) of regular and repeating pneumatic

hollow chambers arranged horizontally along the axis of the device, with a whorl

width of 10 mm each (Figure 3.1). Each layer has four chambers arranged axis sym-

metrically, and have whorl boundaries of 5 mm thickness with theoretically identical

properties (Figure 3.1). When pressurized with air, the four chambers expand and

close the cross-sectional area of the food passage and push off the housing structure to

cause the radially occlusive peristaltic motion, mimicking circular muscle activation.

Though the actuation in RoSE is distributed, by reducing the actuator chamber width,

whorl boundary and conduit thickness, continuous peristaltic actuation is achieved

(Figure 3.1). The actuator design specifications are based on the Finite Element Anal-

ysis (FEA) analysis conducted by Chen et al [68]. Table 3.1 provides the quantitative

and qualitative characteristics of RoSE, which are required for performing stent RF and

migration, and stent implanted RoSE swallow efficacy testing.

RoSE is fabricated using custom-designed mold and housings, which are rapid proto-

typed via fused deposition of Acrylonitrile Butadiene Styrene (ABS) plastic (Figure 3.2

(a)). A Room-Temperature-Vulcanizing (RTV) silicone rubber material (Ecoflex 0030,

Smooth-on, USA) is chosen to build the actuator (Figure 3.2 (b)). The silicone rubber was

chosen for its low 100 % modulus and pour viscosity, high tear resistance, and surplus

elongation at break (900 %), which is needed during actuator deformation. In addition,

RoSE design is based on the idea of actuating many layers in a subsequent overlapping

manner, which mimics the esophagus in recruiting muscles in a rostro-caudal way, to

achieve peristaltic transport smoothly. The multi-casting fabrication procedure of the

RoSE is shown in Figure 3.2 (a) to (g).
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Figure 3.2: Multi-casting fabrication procedure of RoSE. (a) The actuator mold and housing

are rapidly prototyped by the printing method from ABS plastic (Elite Printer,

Dimension, USA), and the initial assembly is built. (b) In vertical orientation, the

conduit and the chambers are constructed by casting silicone rubber (Ecoflex 00-30,

Smooth-On, USA). (c) After the silicone has cured, the chamber place holders and

the plastic rod are removed. (d) In horizontal orientation, four outer castings of

silicone are made to seal the chambers from the sides. (e) Four outer casings are

added to confine the chamber deformation within the conduit. (f) Pneumatic tubes

and tees are connected to provide air pressure to the whorl of chambers (g) Final

assembly of RoSE.
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Table 3.1: Quantitative and qualitative characteristics of RoSE.

rose quantitative attributes

Attribute Magnitude

Conduit length 210 mm

Actuating conduit length 185 mm

Conduit diameter at rest 20 mm

Conduit diameter range 0 – 20 mm

Number of axial levels (layers) 12

Chambers per layer 4

Operating pressure range 0 – 71.5 kPa

Minimum peak occlusion pressure (peak contact pressure) 16 kPa

Pneumatic pressure required to achieve medical wave seal

pressure (15 kPa)

64 kPa

Wave velocity 20, 30, and 40 mms−1

Wavefront length 40, 50, and 60 mm

Data acquisition resolution 8 bits

Frequency range 400 kHz – 1.7 MHz

Migration measurement resolution 2 mm

Migration measurement range 0 – 100 mm

rose qualitative attributes

Attribute Behavior

Actuation type Symmetric, peristaltic

Bolus transport type Peristaltic

Device compliance Compliant, continuous

Muscle activation Overlapping-sequential
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3.3 rose firmware protocol

Custom firmware modules, written in Python 3.7, are developed on Raspberry Pi 3B+

to assert the robot, with independent, continuously variable, pressure input (Figure 3.3).

The RoSE firmware module is divided into two significant sub-modules: A) Symmetric

actuation protocol, for simultaneous inflation and deflation of the RoSE conduit, to

continuously record the radial force during contraction and expansion of stents. B)

Peristaltic actuation protocol, for generating spatio-temporal waves in the RoSE conduit,

to learn the stent migration and effect of stenting on the IBPS (Figure 3.3). The user can

select an appropriate testing protocol module by following the prompts on the Python’s

Integrated Development and Learning Environment (IDLE) shell window. Each testing

protocol (sub-module) selects a Comma-separated Values (CSV) file where 8-bit digital

values corresponding to a pressure range are stored for L1, L2, ..., L12 layers of RoSE.

Pneumatic pressure to RoSE is regulated in open-loop by an electro-pneumatic

interface which consists of a series of 12 pressure regulating proportional valves (ITV-

0030-3BS, SMC, Noblesville, IN, USA), and an interfacing ADC (MAX11605, Maxim

Integrated, San Jose, CA, U.S.) and DAC (AD8802, Analog Devices, Norwood, MA,

USA) board, interfaced with the Pi (Figure 3.4). The Pi communicates over Serial

Peripheral Interface (SPI) and Inter-Integrated Circuit (I2C) with the DAC and ADC,

respectively, to perform assertion and feedback measurement. The DAC converts 8-bit

digital values, stored in the CSV files, to voltage levels, which controls the valves. The

ADCs are then used to receive various sensor outputs such as in-built VPS and Force

Sensing Potentiometer (FSP) (FSP01CE, Ohmite, active area – 10 × 13 mm2). The VPSs

are used to record the chamber pressure-time trajectory (Plot A and B, Figure 3.3).

In symmetric actuation, layers L1 to L12 of the RoSE were actuated, with the same

pressure input, from 11 kPa to 71.5 kPa in 1 kPa increments. In a CSV file, 8 bit digital

values corresponding to the pressure range are stored (File A, Figure 3.3). Each value

was held for 5 s to check the repeatability of the sensors (data was collected at 1 s

intervals) and to allow the chambers to reach their settling deformation.

For manometry, and migration experiments, three adjacent RoSE layers are sinu-

soidally actuated with multi-level pressures to achieve the spatial-temporal aspects of

peristalsis waves. In the peristaltic actuation protocol, the displacement of the conduit

can take the shape of a sinusoid with complete occlusion at the point where the minima

of the sinusoid occur. By displacing the sinusoid from L1 to L12 in small increments,

continuous peristalsis waves in RoSE were achieved. The sinusoid can be represented by
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Figure 3.3: RoSE firmware protocol is capable of generating two different actuation trajectories

(symmetric and peristaltic actuation) based on the input commands of the user. The

firmware protocol for symmetric and peristaltic actuation, developed on Raspberry

Pi 3B+, is enclosed within the red and green dashed lines, respectively. The blocks

outside the dashed lines represent the RoSE hardware, which consists of interfacing

Analog to Digital Converter (ADC) and Digital to Analog Converter (DAC) board,

assembly of pneumatic valves, and sensors such as Time of Flight (TOF) and Valve

Pressure Sensor (VPS).
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Figure 3.4: Schematic and image of the electro-pneumatic interface controlling RoSE. An assem-

bly of 12 proportional pneumatic valves, sourced by compressed air supply, are

implemented to control the pressurization of 12 layers of RoSE. The valve assembly

is controlled by an custom-built interfacing ADC and DAC board, connected to a

Raspberry Pi 3B+. Firmware protocols are developed on the Pi with Python (v3.7) to

actuate RoSE with independent, continuously variable pressures.
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λ

2
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In (3.1), H(x, t) is the time-dependent conduit radius (mm), εis the minimum con-

duit radius (mm), α is peak-to-peak peristalsis wave amplitude (mm), c is peristalsis

wave velocity (mms−1), λ/2 is sinusoidal wavefront length (mm), x is conduit axial

displacement (mm), and t is time (s) .

From the IDLE shell window, the user can define the peristalsis wave speed (c) and

wavefront length (λ/2). Each combination of the wave speed and wavefront length

selects a specific CSV file (File B, Figure 3.3) that stores a set of 8-bit digital values

to impose a time-variant pressure trajectory between adjacent RoSE layers (Plot B,

Figure 3.3), so that the RoSE conduit can displace in a peristaltic manner. For complete

occlusion, an operating pressure range of 11 kPa to 71.5 kPa was used. The actuation

and the continuity of peristalsis pattern are verified using medically inspired techniques

such as videofluoroscopy [15], articulography [14], and image processing of Quarter-

Robotic Soft Esophagus (QRoSE) [100].

3.4 stent configuration

Fifteen commercial, covered Self-Expandable Metallic Stents (SEMSs) having distinct

structures, cover materials, and cover material patterns, and similar dimensions were

initially tested for stent migration in RoSE. Based on the maximum and minimum

recorded migration, candidate stents stent A and B were selected for further measure-

ment and analysis of different stent-related parameters (such as stent RF, radial stiffness

and migration), and bolus pressure signatures in RoSE with and without the stents.

The commercial stent A and B with different radial stiffnesses, under test, are

cylindrical with flares at both ends, covered in silicone, and braided from a single

thread of highly elastic nitinol wire of 0.10 mm diameter (Figure 3.5). When fully

expanded, the main body of the stents measured 110 mm in length and 23 mm in

diameter. The flare ends are 10 mm in length and 5 mm wider in diameter than the

body.
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Figure 3.5: Image of the silicone covered Self-Expandable Metallic Stents (SEMSs) used for the

study. Stent A and B have a mean radial stiffness of 1.55 ± .24, 3.13 ± .53 Nmm−1

respectively. Although both the stents have the same nitinol braided wire mesh

configuration, the silicone coating thickness and pattern are different. Stent A has

no pattern on its silicone cover, while stent B has a much thicker silicone cover with

a pattern on it.

3.5 food bolus

Synthetic boluses of starch-thickened water (Altrix Rapid Thickener, Douglas Nutrition

Ltd, New Zealand), have been used as a clinically significant substitute to masticated

boluses throughout experimentation. Boluses were formulated on a concentration basis

(72, 108, 144 gL−1) by thorough mixing, after which they were left to stand for an hour

to stabilize. The settling time allowed the starch granules to take up water and achieve

a stable structure which directly affects the rheological properties of the boluses. These

bolus formulations covered the range from syrup thin to pudding thick based on the

product specification as per International Dysphagia Diet Standardization Initiative

(IDDSI) specification [131]. All the formulations of the starch-thickened water have

exhibited shear thinning behavior. Due to this non-Newtonian effect, the viscosity will

depend on the flow characteristics such as peristalsis wave velocity. In this study, the

three bolus concentration mixes used are labeled as bolus I, bolus II, and bolus III,

respectively (Table 3.2).
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Table 3.2: Characteristics of the starch-thickened food boluses.

Bolus Concentration (gL−1) Viscosity (Pa.s)

I 72 0.62

II 108 1.08

III 144 1.55

3.6 the protocol of stent rf and migration measurement

To ensure prolonged functionality of the esophageal stent in the face of the repetitive

peristaltic contractile forces associated with the peristalsis, a high RF and fatigue

strength, corrosion resistance, and deformability are required. After the deployment

of the stent in the RoSE conduit (Figure 3.6 (a) to (c)), the stent applies an opening

radial pressure to the conduit wall, resulting in a hoop (circumferential) stress in the

wall, increasing its diameter [48]. A similar phenomenon occurs in a stent implanted

esophagus (Section 2.2.2.3). The pressure is associated with the stent RF on the RoSE

conduit wall as it tries to expand back to its initial diameter. The pressure can be defined

as the stent opening RF acting on the conduit wall per unit cross-sectional area of the

RoSE conduit (Figure 3.6 (c)) whereas, the Hoop Force (HF) is the hoop stress multiplied

by the cross-sectional area of the RoSE conduit wall, where the stent resides (footprint

of the stent). Similarly, radial pressure on the stent imposed by the RoSE contraction,

generates RF and HF on the stent wall (Figure 3.6 (d) to (f)).

The RF can be classified into: 1) Radial Resistive Force (RRF): RRF can be defined as

the stent resistance to the loading when the RoSE conduit (esophagus) is contracting

(RRF is the RF shown in Figure 3.6 7 (d) to (f)). 2) Chronic Outward Force (COF): When

the RoSE conduit (esophagus) is expanding, the force exerted by the stent to regain its

original diameter during its unloading (Figure 3.6 (c)) is known as COF. RRF and COF

are forces associated with the loading and unloading of the stents, respectively.

By using a Force Sensing Potentiometer (FSP) (FSP01CE, Ohmite, active area – 10 ×
13 mm2) sensor, the RF exerted by the stent on the RoSE conduit wall was measured

(Figure 3.6). After lubricating the conduit of the RoSE with artificial saliva (Aquae Dry

Mouth Spray, Hamilton), the stent undergoing the test was deployed from the distal

side of the RoSE by using an intruder sheath and a retrieval thread fastened to the

proximal end of the stent. While holding the stent with a rat tooth forceps from the

distal side of the RoSE, and by withdrawing the intruder sheath gradually from the
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Figure 3.6: Experimental setup to measure the RF exerted by a stent on RoSE conduit. (a)

Schematic of the experimental setup used for measuring the stent RF. Firstly, the

testing protocol was comprised of implanting a FSP, followed by the subsequent

deployment of the stents. Secondly, all the RoSE layers (L1, L2, · · · , L12) were inflated

and deflated cyclically with the same air pressure to generate cylindrical contrac-

tions, and expansions respectively. (b) Endoscopic image showing the cross-sectional

view of the RoSE conduit during contraction, captured from the distal end of the

RoSE. (c) Schematic showing the position of the stent and the FSP inside the RoSE

conduit. The purple arrows represent the opening force applied by the stent. (d, and

e) Schematic showing the side and top view of the stent-FSP implanted RoSE under

contraction (blue arrows represent the loading on the stent). (f) Free body diagram

of the stent to represent RF and HF.
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proximal end of the RoSE, the stent was released slowly in the conduit. Owing to the

stent stored strain energy, it self-expanded and exerted an RF on the conduit wall,

and hence on the FSP sensor, which readily hooped around the stent (Figure 3.6 (e)).

To achieve uniform axial displacement during compression, both the stent ends were

allowed to move freely.

To ensure a consistent reference configuration, the stent center was positioned to

coincide with the distal end of the FSP active region having a width of W f (Figure 3.6 (c)).

The 3 mm smaller diameter of the RoSE conduit from the stent body caused transverse

loading of the stent which deformed the stent both axially and radially. If ls and ds are

the new deformed length and diameter of the stent respectively, and if Ff is the force

recorded by the FSP, then stent radial pressure (Ps) can be given as:

Ps =
Ff(

ls

2

)
W f

(3.2)

By considering uniform diameter throughout the stent, the lateral surface area of the

stent is given by, As = πdsls. Hence, the stent RF (Fs) can be written as:

Fs =
Ps

As
= 2π

Ff

W f
ds (3.3)

Equation 3.3 is also applicable for stent loading (contraction) and de-loading (expan-

sion) under symmetric actuation of RoSE (Figure 3.6 (d)). The stent radial stiffness (k)

can be defined as how much diameter of the stent is reduced by the application of the

force exerted by the RoSE conduit. The stiffness signifies the effectiveness of the stent in

resisting diameter change during RoSE contraction and expansion. By differentiating

(3.3) with respect to ds and taking its absolute, k can be given as:

Fs =

∣∣∣∣dFs

dds

∣∣∣∣ = ∣∣∣∣2π
Ff

W f

∣∣∣∣ (3.4)

For measuring the elongation strain of the stent during the pressurization cycle, a TOF

sensor was mounted vertically at the distal side of the RoSE. By using a nylon thread

through a pulley, a vertically displacing paperboard marker was connected to the distal

end of the stent. The TOF sensor was used to record the displacement of the marker

(stent elongation) in the vertical direction (Figure 3.7 (a)). Finally, the elongation strain

was calculated by the change in the marker displacement (stent length) per unit stent’s

initial length.
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Figure 3.7: Schematic of the setup used for measuring stent RF and migration. (a) A paperboard

marker was attached to the distal end of the stent through a pulley. (b) Under

symmetric contraction of the air chamber layers of the RoSE, the stent elongated

axially by ∆Ls towards both its ends. (c) Due to the peristalsis (thick blue arrows),

the stent moved by a displacement d in the direction of the peristalsis. Along with

the stent, the marker also covered a displacement d vertically downwards. A TOF

sensor was used to record the vertical displacement of the marker.

The RF stent testing protocol included symmetric actuation of the RoSE layers from

L1 to L12, with the same pressure simultaneously (Figure 3.7 (b)). Within the RoSE

conduit, stent A and B were expanded to a diameter of 19.7 mm and 18.7 mm and then

compressed to a diameter of 11.7 mm and 7.2 mm respectively. For stent migration

testing, instead of symmetric actuation, RoSE was actuated with peristaltic actuation

which includes spatio-temporal sinusoidal peristalsis waves of different characteristics

(Table 3.3, Figure 3.7 (c)). The migration studies elucidated the contributions of stent

RF, bolus concentrations, and peristaltic wave trajectories of RoSE towards the stent
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Table 3.3: Manipulated parameters to cover a range of swallowing scenarios.

Manipulated Parameters Variations

Stent radial stiffness 1.55 ± 0.24, 3.13 ± 0.53 Nmm−1

Bolus concentrations 72, 108, 144 gL−1

Wave velocities 20, 30, 40 mms−1 [14]

Wavefront lengths 40, 50, 60 mm [14]

migration in terms of both displacement and direction. To ensure repeatability, all the

RF and migration experiments were conducted five times.

3.7 validation test results

3.7.1 Stent RF analysis with RoSE

To mitigate migration, the stent designing criteria are to maintain as high a RRF and as

low a COF as possible [12], [42], [48]. To explore the stent RF response as a function of

its diameter, FSP was implanted in RoSE, followed by subsequent deployment of two

silicone covered SEMS: stent A and B (Figure 3.5), with mean radial stiffness of 1.55 ±
0.24, 3.13 ± 0.53 Nmm−1 respectively (Figure 3.6).

With recurring simultaneous inflation and deflation of the RoSE air chambers in each

layer (L1, L2, · · · , L12), the observations on the stent RF plotted an interesting hysteresis

curve depicting the measurement of RRF, and the COF (Figure 3.8 (a) and (b)). This

pattern of hysteresis permitted the COF exerted on the RoSE (esophageal) wall to remain

low during the large deflections as well as the radial oversizing of the stent which is

caused by factors external to the stent geometry and its functions. On the other hand, it

could be observed that with the stent resistance to compression, the RRF rose with the

deflection (austenite phase) until the RF plateaued (martensite phase). Similar kinds of

hysteresis have been indicated in other studies [12], [49], [56].

In Figure 3.8 (a) and (b), for stent A and B, the initial value of the COF is around 12.06

± 0.14 and 29.01 ± 0.42 N (p1) which gradually increased for deflations up to diameters

of 12.4 and 12.2 mm (p2), respectively. On further deflation of the RoS! (RoS!)E up to

19.7 and 18.7 mm, respectively (p3) for stent A and B, the COF values exhibited around

a linear response with a negative slope for both the stents. However, under the fully
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Figure 3.8: Radial Force (RF) testing results. (a) and (b) The COF recorded for stent A and B

gradually increased from p1 to p2. After p2, both the plots have displayed a fast linear

decrease in the COF up to p3. At p3, stent A has shown a relatively low expansive RF

(COF) of 0.33 ± 0.01 N, and stent B has recorded a value of 18.22 ± 0.60 N for the

same. For RRF, both the plots have shown a rapid increase in the region between p3,

and p4. (a) In stent A, upon contracting until p4, the RRF linearly increased and after

that, transformed into the martensite phase (p4 to p5), where the gradient reduced.

(b) In stent B, from p4 to p5, the RRF plateaued drastically, taking the force gradient

close to zero. (a) and (b) The stent A and B radial stiffness were calculated by taking

the mean of the slope at each point within the bounding box (linear region of COF

and RRF). The mean radial stiffness for stent A and B were found to be 1.55 ± 0.24

Nmm−1 and 3.13 ± 0.53 Nmm−1.
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distended state of the RoSE (p3), stent A has shown a relatively low expansive RF of 0.33

± 0.01 N (<15 N), and stent B has recorded a value of 18.22 ± 0.60 N for the same. The

RRF, response for stent A to the periodic expansion and contraction is, however, outside

a linear definition and instead exhibited a two-way accession. Upon contracting, until

15.7 mm diameter (p4), the RRF linearly increased to 5.65 ± 0.13 N with a gradient of

1.37 ± 0.05 Nmm−1, and after that, transformed into the martensite phase where the

force gradient reduced.

Finally, at the end of compression (p5), the RRF accounted for 12.06 ± 0.14 N with

a gradient of 0.9 ± 0.01 Nmm−1. For stent B, the RRF increased rapidly with the

contraction in the RoSE, until the force curve plateaued at 27.95 ± 3.95 N. Given the

Poisson effect, stent A and B exhibited 56.60 ± 2 and 17.70 ± 2 % of elongation in their

length, respectively, during contraction with an applied chamber pressure of 50 ± 0.35

kPa (Figure 3.9). The comparison of the stiffer stent B with stent A revealed that its

overall RF is twice as higher as compared to stent A. A relatively higher variation in the

elongation of stent A maintains its RF at a low profile.

3.7.2 Stent migration testing

Understanding the physiology of swallowing has led us to hypothesize that axial

displacement of the esophageal wall (RoSE conduit wall) is a significant factor in stent

migration. The migration of a stent is correlated with the RF developed due to the

contact pressure of the stent (COF divided by the contact area of the stent). The migration

tests were done for dry (no bolus) and bolus swallow (bolus I, II, and III) conditions

(Table 3.2). The measured migration displacement is relative and not absolute to the

initial stent deployment position. The relative positive (negative) displacement values

indicated the migration similar (opposite) to the direction of the peristalsis (Figure 3.10).

Stent A and B exhibited intriguing variations when tested for migration. The max-

imum relative displacement of 47 ± 1.7 mm for 50 peristalsis cycles was recorded

for stent A (Figure 3.10 (a)), whereas, for stent B, the inspected measurements were

negligible. Migration was commonly recorded in stent A, which was caused by the

insufficient RF exerted by the stent. For dry swallow experiments, the stent moved

contrary to the direction of the peristalsis for all peristalsis velocities (Figure 3.10 (a))

while the results obtained from the bolus swallow have shown the stent migration in

the direction of the peristalsis (Figure 3.10 (b) and (c)).

The cause of the negative displacement can be well explained from the marker

trajectory data collected from the quarter version of the RoSE experiments (Figure 3.11
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Figure 3.9: Plot of the stent axial strain as a function of applied chamber pressure in RoSE. (a)

and (b) With the TOF sensor, the change in length of the stents was measured. The

axial (elongation) strain was calculated by the change in stent length per unit initial

length (110 mm). For a chamber pressure of 50 ± 0.35 kPa, stent A and B exhibited

a 56.60 ± 2 and 17.70 ± 2 % increase in their respective lengths.

(b) to (e)). The QRoSE models the one-fourth radial cut of the RoSE along its axis

such that the model retains one chamber per layer along the RoSE length (Figure 3.11

(a) and (b)) [100]. The QRoSE is developed to address the issue of limited visibility

inside the conduit of the RoSE. As the peristalsis trajectory admitted, the z-axis marker

displacement increased with the initial decrease in x-axis values (axial displacement),

creating a displacement trajectory (Figure 3.11 (f)). This initial reduction has provided

evidence for the fact that any point on the RoSE surface moved opposite to the direction
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Figure 3.10: Relative stent mean migration displacement results as a function of the number of

peristalsis cycle. Plot(s) showing the relative mean migration displacement of stent

A, (a) in dry swallow conditions (without bolus). The stent migrated contrary to

the direction of the peristalsis, thereby causing a negative relative displacement. (b)

and (c) with bolus I and III (72 and 144 gL−1), respectively. Since the net contractile

force in the direction of the peristalsis was higher than the Trajectory Induced

Frictional Force (TIFF), the stent moved in the direction of the peristalsis for 20, and

30 mms−1. For 40 mms−1, the stent has shown a negative displacement due to the

lower contractile force as compared to the TIFF. (d) and (e) With the increase in bolus

concentration, the results have shown mostly a slight increase in the migration

displacement for all velocities.
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of the peristalsis, thereby inducing a frictional force on the stent in the peristalsis

direction (Figure 3.11 (c) to (e)). This frictional force is defined as Trajectory Induced

Frictional Force (TIFF).

With the introduction of the synthetic boluses in the RoSE lumen, the stent commenced

movement in the peristalsis direction for velocities of 20 and 30 mms−1 (Figure 3.10

(b) and (c)). Since the stent RF was not very high, a tiny fraction of the bolus fluid was

able to leak in between the RoSE layer and the outer stent surface. As a result, the TIFF

reduced, and the prolonged peristaltic contractile force in the direction of the peristalsis

was able to overcome the TIFF. For 40 mms−1, a similar phenomenon occurred, but the

contractile force remained lower than the TIFF (Figure 3.10 (a) to (c)). For all peristalsis

velocities, the results mostly exhibited a slight elevation in the relative migration with

an increase in bolus starch concentration (Figure 3.10 (d) and (e)).

The migration measurements for stent B were negligible. In the resting state of RoSE,

stent B has reported a high expansive RF (COF) of 18.22 ± 0.60 N (Figure 3.8 (b)) as

compared to stent A (0.33 ± 0.01 N, Figure 3.8 (a)). The high COF of stent B ensures

proper fixation of the stent on the RoSE conduit wall, under peristalsis, preventing stent

migration. The results have also been confirmed by Isayama et al [42]. Taken together,

the findings further confirmed that stent migration is associated with lesser RF. Further,

a relatively high RF of the stent is required to guarantee its in situ position on the RoSE

conduit to prevent stent migration and maintain adequate luminal patency. This could

ensure its performance when deployed in the event of an esophageal stricture.

3.8 chapter summary

Palliative therapy for dysphagia caused by benign and malignant esophageal strictures

can be approached with the implantation of endoprosthetic stents. The stenting can

provide patients with instant relief, and it can restore their oral nutrition requirements

in one session. However, adverse events like stent migration and various stent dysfunc-

tionalities present vital obstacles to successful stent deployment in the esophagus. Due

to the lesser known relationship between the mechanical properties of esophageal stents

and their clinical outcome, the stenting guidelines are still poorly defined, and it relies

solely on the experience of the endoscopists. The paucity of evidence from randomized

controlled trials in patients restricts the comparison of different stent designs to a

limited range.

This chapter presented the validation of the application of biomimetic RoSE in proving

substantial equivalence of esophageal stents of different characteristics. Compression,
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Figure 3.11: Demonstration of peristaltic actuation in QRoSE. (a) and (b) QRoSE is developed

to visualize the peristaltic motion inside the RoSE conduit. (c) to (e) A set of 9

markers (M1, M2, · · · M9) were attached on top of each layer of the quarter RoSE,

and time-series x-, z- movement data of the markers were recorded. [100] (E) Plot

showing the x-, z- displacement trajectory of the marker M3 (encircled in red). With

the commencement of the peristalsis in the quarter RoSE towards the right, the

relative z-axis displacement of M3 increased while its relative x-axis displacement

reduced. The characteristics of the plotted trajectory indicated that any point on

the RoSE surface moved opposite to the direction of the peristalsis.
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and force testing of stent A and B with different radial stiffness were performed

(Figure 3.6). This chapter has proposed a novel approach to study the mechanical

behavior of SEMSs implanted in a biomimetic RoSE, under several artificial peristaltic

conditions (Table 3.3). The ability of the RoSE to generate various peristaltic wave

conditions is crucial for the stent migration and bolus swallow experiments conducted.

The independent peristaltic variables allowed the study to fit larger pathological models

with high inter-swallow reliability. The validation test results have proved RoSE to be a

novel in-vitro stent testing platform.

The chapter has also validated the applicability of RoSE to assessing the influence of

the stent RF on stent migration, and the impact of stent stiffness on swallow efficacy.

Stent A and B with lower and higher stiffnesses were deployed in the RoSE subsequently,

to analyze the effect of RF on the stent migration (Figure 3.10). The relatively lower

radial stiffness of stent A maintained its RF at a low profile while higher RF in stent

B was associated with higher stiffness. The implication of the results suggested that

higher RF of the stent is required to minimize stent migration under the prolonged

peristaltic contractile forces in the RoSE and the esophagus. Higher RF of the stent also

ensures its performance when deployed in the event of an esophageal stricture.





4
R O S E I N T R A B O L U S S WA L L O W I N G A N A LY S I S A F T E R S T E N T

D E P L O Y M E N T

Textured food modification is observed to maintain nutrition in dysphagia and to

improve swallowing safety and efficacy [33], [131]. In altered food swallowing, videoflu-

oroscopy and manometry are considered as gold standards to study the temporal-spatial

aspects of bolus geometry and intrabolus pressure, respectively. In an esophageal peri-

staltic transport of food bolus, the manometry recordings can be distributed into two

intraluminal pressure segments (Figure 2.3). In the first segment, within the bolus fluid,

the recorded pressure is solely due to the bolus hydrodynamic pressure, which is also

known as the Intra-Bolus Presssure Signature (IBPS). At the tip of the bolus tail, the

pressure undergoes a transition from IBPS to esophageal direct contact pressure with

the manometry catheter, which can be regarded as the second segment. The Maximum

of Intra-Bolus Presssure Signature (MIBPS) occurs at the bolus tail tip, after which no

bolus fluid exists, leading to direct contact pressure. Since pressure cannot be trans-

mitted axially in the absence of bolus fluid; thus, these two segments are independent

of each other [21]. Videofluoroscopy, and manometry techniques are used hand in

hand to determine the MIBPS. The shortcomings of these techniques are X-ray radiation

exposure and catheterization (inserting a manometry catheter) that impact on the effort

of swallowing and the general health of subjected individuals [132].

To mimic human swallowing behavior, synthetic bolus formulations were tested on

the Robotic Soft Esophagus (RoSE) with manometry and videofluoroscopy Table 3.2. The

manometric pressure profiles achieved are comparable to human swallowing behavior

[15]. Additionally, to evaluate swallow efficacy, RoSE can be used to study the effect of

stenting on IBPS of different texture modified foods for dysphagia patients.

While Chapter 3 discussed the circumferential loading of the stent in RoSE and its

effect on stent migration, this chapter aims to investigate the following capabilities of

RoSE under peristaltic contractile forces:

1. to learn the impact of the reduction of RoSE conduit diameter caused by stent

deployment on IBPS, and
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2. to analyze the effect of stent dysfunctionality on bolus transport, and hence,

swallow efficacy.

4.1 rose manometry protocol

In the RoSE manometry protocol, RoSE was implanted with a stent, and a manometric

motility catheter (P3315205CC152, Sandhill Scientific, USA) positioned akin to the

clinical in vivo observations (Figure 4.1 (a) and (b)) [21]. The intraluminal pressure

segments, intrabolus and direct contact pressure, associated with each swallow was

captured using the manometric motility catheter and data acquisition system (S98-200C,

Sandhill Scientific, USA). The catheter is a long flexible tube with a 4 mm diameter,

which consists of 5 pressure sensors evenly spaced at 50 mm.

The swallow investigation was carried out by aligning one of the sensors to the

layer L4 of the RoSE (Figure 4.1 (a)). Due to the limited visibility inside the conduit, the

configuration was achieved according to the dimension of the RoSE and the catheter.

RoSE was kept in a supine position to evade the effect of gravity on the transport of the

food boluses. Feeding pipes were connected at both ends of the RoSE conduit, and by

using a funnel, a bolus was fed to the RoSE through the left pipe.

The peristaltic actuation described in Section 3.3 generates peristaltic waves of various

wavefront lengths and velocities (Table 4.1). The wave generates a contractile force that

squeezes and pushes the bolus from left to right of the RoSE conduit, with or without

the presence of a stent (Figure 4.1 (a)). The manometry protocol has been implemented

to inspect the macro bolus behavior under peristalsis. During the bolus transport,

the pressure signature recorded by the catheter pressure sensor in the presence of

the bolus, near the bolus tail, is known as IBPS whereas, the Intraluminal Presssure

Signature (ILPS) is the overall contact pressure (IBPS and RoSE-catheter contact pressure)

recorded along the catheter axis. The Peak of Intraluminal Presssure Signature (PILPS)

describes the normal contact pressure exerted by the RoSE lumen on the manometry

catheter. Due to the non-Newtonian nature of the bolus fluid behavior and different

peristaltic deformation characteristics owing to various wave velocities and wavefront

lengths, the IBPS gradient in the region of bolus tail is an essential indicator of RoSE

swallow efficacy.

The RoSE manometry protocol is designed to study the impacts of stent stiffnesses, bo-

lus viscosities, peristaltic wave velocities, and wavefront lengths on the IBPSs (Table 3.3)

and its gradient. The manipulated parameters (Table 3.3) are designed to cover a range

of different swallowing scenarios, where each combination was tested in a 2 × 3 × 3 ×
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3 experimental protocol. Moreover, to ensure repeatability, each set of experiments was

conducted five times.

Left feeding pipe

Pressure sensor
50 mm

Catheter axis

Peristalsis direction

Endo-prosthetic stent

Starch-thickened water

Peristaltic actuation

Manometry
catheter

Food bolus

4 mm

(a)

Starch-thickened water

Manometry
catheter

(b)

Left feeding pipe

Figure 4.1: RoSE manometry test setup to measure bolus swallow pressure signatures. (a)

Schematic of the manometry test setup to statistically analyze the mean MIBPS,

and the IBPS gradient as a function of bolus concentration, peristalsis wave velocity,

and stent placement (before and after). (b) Image of the test setup.
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Table 4.1: Manipulated parameters to cover a range of swallowing scenarios.

Manipulated Parameters Variations

Stent radial stiffness 1.55 ± 0.24, 3.13 ± 0.53 Nmm−1

Bolus concentrations 72, 108, 144 gL−1

Wave velocities 20, 30, 40 mms−1 [14]

Wavefront lengths 40, 50, 60 mm [14]

4.2 concept of intra-bolus presssure signature (ibps) in rose manome-

try

The RoSE manometry reading represents a measure of the bolus pressure variation

in response to the active contractile forces originating in its wall. A portion of the

contractile force goes into accelerating the bolus, and a part goes into accelerating

the wall. In contrast with the fixed time spatial pressure variation through a bolus,

manometric recordings within the lumen provide the pressure as a function of time at

fixed spatial points (Figure 4.2) [21].

When the bolus is in motion, the output of the manometric pressure transducer in

the bolus presence region is the hydrodynamic pressure exerted by the bolus, which is

the IBPS (Figure 4.1 (a) and Figure 4.2 (b)) and is significant for food innovation studies.

The IBPS exhibits rapid variation in the region of high frictional forces (e.g., bolus tail

region), which leads to the occurrence of a friction-induced IBPS gradient [21]. The IBPS

gradient in the region of the bolus tail is a critical indicator of swallow efficacy.

The tip of the bolus tail creates a demarcation between the region of IBPS and direct

contact pressure of the RoSE conduit with the manometry catheter. As long as the

PILPS is satisfactory to maintain a wave seal behind the bolus tail, its magnitude is

unimportant in terms of successful bolus transport [15].

4.3 stent buckling in rose

Buckling of a stent refers to the unstable deformation of the stent outside its circumfer-

ential plane, if a critical external pressure is exceeded, potentially having serious clinical

implications. The buckling can cause stent dysfunction over time, which could cause

recurrent dysphagia and, consequently, food bolus obstruction [133], [134] and swallow
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Figure 4.2: Comparison of the plots, showing the relative mean ILPS with time in presence

and absence of stent A, recorded by the manometry catheter pressure sensor # 2

coinciding with the layer L4 of the RoSE. The encircled image is the zoomed in region

of layer L4 in Figure 4.1

.

inefficacy. Once the stent buckles, its stiffness is generally dramatically reduced, which

may eventually cause stent coating defects or a fracture or both [51]. Any structural

dysfunctionality in the stent can snag the food bolus [134].

A stiffer stent (like stent B) significantly decreased the radial compliance of the RoSE

conduit by introducing buckling in it (Figure 4.3). Buckling would lead to inadequate

apposition of the stent in the conduit wall and reduce its ability to transport higher

starch concentration boluses by acting as an obstacle in the path of bolus transport. The

patterned coating on stent B (Figure 3.5 (b)), maximizing its radial stiffness, made it

susceptible to buckling around its flares (since the flare diameter is higher than the

body diameter) during its deployment.
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Normal 
stent

Buckled
stent

(a) (b)

Figure 4.3: Illustration of normal and buckled stent inside the RoSE conduit. (a) Stent without

buckling inside the RoSE conduit. (b) Phenomenon of stent buckling inside RoSE

conduit, reducing the radial compliance of the conduit.

4.4 results

4.4.1 RoSE Manometry during Regular Stent Operation

A PILPS of at least 16 kPa (120 mmHg) was achieved in all the manometry experiments,

which is higher than the clinical measurements, and hence it is acceptable [21]. In the

bolus tail region, the IBPS (IBPS refers to the maximum mean IBPS) rose sharply even

for a slight reduction in the conduit diameter. During the peristaltic transport of the

bolus, the IBPS is highly profound to the intraluminal geometry in the greatly occluded

region (especially near the bolus tail tip). With the presence of stent A, in such a region,

the IBPS pressure distribution becomes relatively higher because the stent’s braided

structure slightly reduced the intraluminal geometry (Figure 4.4 (a)). This finding

corroborates the ideas of Brasseur et al. [21], who suggested that during peristaltic

bolus transport, the IBPS is extremely sensitive to the geometry of the intraluminal area,

in the profoundly occluded regions.

For low starch concentration bolus I, the IBPS showed a slight increase in the pres-

ence of stent A but, for the higher starch concentration bolus III, the IIBPS increased

significantly, when stent A was deployed for all velocities (Figure 4.4 (a)). The IBPS
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Figure 4.4: Manometry testing results during normal stent implantation in RoSE. (a) and (b) The

histogram bars depicting the IBPS and IBPS gradient in the presence and absence

of stent A indicated that higher concentration starch boluses have exhibited risen

pressure and pressure gradient in the wave tail.
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data was generated by actuating the RoSE conduit with peristalsis velocities of 20, 30,

and 40 mms−1. Increase in the IBPS and its gradient were mostly affected by the bolus

concentration and stent A implantation and less so by the wave velocity.

With stent A implanted, from bolus I to III, the IBPS increased for all peristalsis

velocities. For peristalsis velocity of 40 mms−1 and bolus III, the IBPS rose from 5 ±
0.18 to 6.54 ± 0.65 kPa (Figure 4.4 (a)), when stent A was deployed. The findings of

the manometry experiments in the presence and absence of stent A indicated that

higher concentration starch boluses have exhibited a risen pressure gradient in the

wave tail (Figure 4.4 (b)). From bolus I (72 gL−1) to III (144 gl−1), a significant rise in the

pressure gradient bars was exhibited. A substantial increase in the pressure gradient

was observed from bolus II to III. The findings are consistent with the results of the

rheological investigation conducted by Dirven et al [15].

Mainly, the highest wave speeds generated the highest-pressure gradient bars (Fig-

ure 4.4 (b)). Following the addition of stent A, this resulted in high frictional forces in

the contractile zone of the RoSE conduit, and hence, a significant increase in the gradient

was recorded for all types of bolus formulations and velocities (Figure 4.4 (b)). The

results match with the findings of Brasseur et al [21]. The author proposed that the

frictional force induced IBPS gradient is inversely proportional to the fourth power of

the intraluminal cross-sectional diameter of the esophagus. With the deployment of

stent A in the RoSE conduit, the conduit diameter slightly reduced, and thus the IBPS

gradient rose more sharply as compared to the no stent condition.

When stent A was deployed, the IBPS gradient rose from 0.41 ± 0.10 to 0.53 ± 0.12

kPa.s−1 (Figure 4.4 (b)) for peristalsis velocity of 40 mms−1 and bolus III. The findings

of the experiments have not exhibited significant changes in the IBPS and the IBPS

gradient with respect to wavefront length, since the variation in wavefront does not

predominantly vary the wave tail wall gradient.

4.4.2 RoSE Manometry during Stent Dysfunctionality

The actuation trajectory propagated the bolus forward, but the buckled stent B posed

an obstacle during transportation, resulting in bolus fluid reflux, and reduction in the

transported bolus volume. The phenomenon became prominent for higher viscous

bolus II and III with higher velocities (30 and 40 mms−1), which resulted in the decrease

of IBPS and its gradient (Figure 4.5 (a) and (b)).

After a bolus concentration of 72 gL−1, a significant difference between the IBPS (and

IBPS gradient) was recorded in the presence and absence of stent B. From bolus I to II,
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IBPS, and IBPS gradient drastically dropped (Figure 4.5 (a) and (b)). The reduction in

the IBPS and its gradient was mostly affected by buckling of stent B, and less so by the

wave velocity. After the deployment of stent B, the initial fall in the IBPS ([4.15 ± 1.00,

6.85 ± 1.49, 11.16 ± 2.61] to [1.3 ± 0.43, 1.16 ± 0.23, 1.16 ± 0.29] kPa) and its gradient

([0.24 ± 0.08, 0.56 ± 0.07, 0.70 ± 0.08] to [0.14 ± 0.06, 0.13 ± 0.01, 0.13 ± 0.03] kPa.s−1)

from 72 to 108 gL−1 was due to the reduction in transported bolus volume.

The buckling of stent B restricted the mean bolus II volume to 5 ±0 .02 ml per cycle.

(Figure 4.6). Thus, in the case of bolus II, the reduction in the IBPS was overwhelmed by

the bolus volume, and not by the bolus viscosity. The dependency of the IBPS on the

viscosity is only applicable for a minimum bolus volume of 10 ml. Similar results have

been reported by Ren et al [25].

Interestingly, in contrast to the mean bolus II volume (5 ± 0.02 ml), although the

mean bolus III volume (3.43 ± .08 ml) decreased, an increase in the IBPS and IBPS

gradient was recorded due to the rise in the bolus III viscosity (Figure 4.5 (a) and (b)).

While, from 108 to 144 gL−1 IBPS rose from [1.30 ± 0.43, 1.16 ± 0.23, 1.16 ± 0.29] to

[3.77 ± 1.89, 2.76 ± 1.16, 2.16 ± 0.43] kPa, the IBPS gradient increased from [0.14 ± 0.06,

0.13 ± 0.01, 0.13 ± 0.03] to [0.40 ± 0.14, 0.27 ± 0.10, 0.24 ± 0.05] kPa.s−1.
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Figure 4.5: Manometry testing results in occurrence of stent dysfunctionality. (a) and (b) The

reduction in the IBPS and its gradient from bolus I to II was due to the stent buckling,

which decreased the transported bolus volume. From bolus II to III, the increase in

the IBPS and IBPS gradient was recorded due to the rise in the bolus III viscosity.
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Figure 4.6: Plot illustrating the variation of the transported bolus volume in the presence of stent

B. Due to the buckling of stent B after implantation, a reduction in the transported

bolus volume was recorded with the increase in the bolus concentration for all wave

speeds. For bolus I, II, and III, mean transported bolus volume was determined by

averaging the volume of bolus transported for each peristalsis velocity.
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4.5 chapter summary

To mimic the swallowing physiology and for evaluating swallowing efficacies, synthetic

bolus formulations of different starch concentrations and viscosities (Table 3.3) were

tested on the RoSE, with or without the stent implanted. The RoSE manometric study

has allowed us to evaluate the IBPS and its gradient under different bolus and stenting

conditions.

For stent A, it was found that higher bolus concentration significantly raised the

IBPS and its gradient. With the stent implanted, they were further enhanced (Figure 4.4

(a) and (b)). A stiffer stent like stent B significantly reduced the radial compliance of

the RoSE conduit, and thus buckled inside it. The buckling acts as an obstacle in the

path of successful bolus transport, which became more prominent for higher starch

concentration boluses, and thereby significantly decreased the IBPS, and its gradient

(Figure 4.5 (a) and (b)) leading to swallowing inefficacy. Thus in the area of stent design

and testing, RoSE can provide an innovative platform for testing endoprosthetic stents

of various designs to address numerous clinical challenges associated with successful

stent implantation.





5
S PA R S E M A C H I N E L E A R N I N G D I S C O V E RY O F D Y N A M I C

D I F F E R E N T I A L E Q UAT I O N O F R O S E

5.1 introduction

Machine Learning (ML) is fast becoming a key instrument for understanding the

underlying physics of non-linear dynamical systems as researchers collect data from

experiments. Two crucial contributions to the revelation of physical laws from the

collected experimental data can be found in [103], [128]. The computational method

discussed in [128] used motion capture data from various systems to demonstrate the

discovery of the physical laws which govern those systems.

In 2016, Brunton et al. [117] described a sparse regression-based technique known

as the Sparse identification of Nonlinear Dynamics (SINDY) (Section 2.5.5.2). It has

become dominant in identifying the dynamics of linear and non-linear oscillators,

simple canonical systems, the Lorenz system, and the fluid vortex shredding behind

an obstacle. Despite the efficacy of SINDY in [117], it is ill-suited if the order of the

dynamical system is high [135].

A low dimensional representation of such systems can often be leveraged by the

application of Reduced-Order Modeling (ROM) techniques such as Principle Orthogonal

Decomposition (POD) [117]. POD becomes a good choice because it facilitates reduced-

order models of the physical system such that the maximum variance of the data

collected from the system is captured in the model.

The soft robotic techniques provide compliance and novel shapes to the robots.

However, the methods have received little attention in the field of swallowing robots.

The combination of pneumatic actuation and soft elastomer promotes design without

skeletal structures which are necessary for mimicking the swallowing process. The limi-

tation of the conventional rheometry measurements [14] and the relevance of the study

of food viscosity has motivated the development of the Robotic Soft Esophagus (RoSE)

inspired by the human swallowing process. RoSE is developed as an alternative method

of bolus transit evaluation. During swallowing, measuring the physical interaction of

the food bolus with the RoSE conduit wall could provide data about the bolus travel

experience from the perspective of human recognition.

109
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Finite Element Analysis (FEA) based modeling methods are predominant in soft

robotics and primarily for the analysis of dynamic behaviours of systems. They can

be used to generate linear and nonlinear material models or constitutional models

of hyper elasticity. These FEA methods are not applicable for the real-time dynamics

control of either a rigid or a soft robot. The previous work conducted by Dirven et

al. [14] and Zhu et al. [91] while positive, could not explicitly define the underlying

physics governing the RoSE. In addition, no research has been found that provides

a generic way to describe its dynamical behavior [6]. To understand the non-linear

behaviour, the discovery of RoSE Differential Equations (DEs) plays a significant role.

The DEs govern the peristaltic deformation in the RoSE conduit at the given time-varying

pressure, hence determining them plays a key role in designing a controller for the

RoSE.

Specific to soft robotics, the inverse kinematic problem is challenging. For a given

query RoSE conduit shape, the major problem is to determine the corresponding input

pressure trajectory (i.e. similar to the inverse kinematics problem). However, due to the

large number of Degree of Freedoms (DOFs) of actuation, there is no solution to the

inverse kinematics. In such a scenario, an identified parametric and structural model

(model based on DEs) can allow identification of efficient actuation patterns.

The main aim of this research is to discover the governing DEs of RoSE from the data

collected from the experiments. The DEs capture the RoSE peristaltic conduit deformation

with respect to the applied pressure at any instant of time. The input pressure signals

can be actual pressure values with a physical unit or abstract numerical values. In the

process of the discovery of the DEs four significant steps are followed:

1. Due to the inaccessible conduit deformation of the RoSE, the Quarter-Robotic Soft

Esophagus (QRoSE) is developed in order to collect the data. The QRoSE is used to

observe and model the occlusive motion of the conduit of the RoSE.

2. By using the Vicon system, the QRoSE conduit deformation data is collected by

tracking three-dimensional marker movements, placed on the conduit of the

QRoSE.

3. The size of the collected dataset is reduced by the POD, pivot states are obtained

by applying Optimal State Selection (OSS) and Sparse identification of Nonlinear

Dynamics with Control (SINDYC) (modified SINDY algorithm) is applied on the

reduced dataset to determine the governing DEs.



5.2 development and optical motion capture of qrose 111

QRoSE

9 markers

{Mi}9
i=1

Collect data

by Vicon

Pre-

processing

Top 4

markers

selected

Normalized

pressure

{u1, u2, · · · , u12}

Snapshot

matrix Xa

Snapshot

matrix X

POD for

low rank

model

OSS

to identify

pivot states

Ψr

U = [u2, u3, u4]
T

DE discovery

by SINDYC
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à
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Figure 5.1: Block diagram summarizing the procedure of RoSE DEs discovery. By utilizing the

Vicon optical motion capture system, data from QRoSE actuation is collected. POD

and OSS are applied subsequently to reduce the size of the dataset and to obtain

the pivot states. After data dimensionality reduction, SINDYC is applied to discover

the DEs and finally, the prediction of the DEs are validated by articulography and

capactive sensor array experiments on RoSE.

4. The conduit deformation calculated from the discovered DEs are validated by the

experimental measurements in RoSE.

Figure 5.1 provides the block diagram summarizing the procedure of the discovery

of DEs. The proposed method can be seen as a combination of structure and parameter

identification because the structure and coefficients of the RoSE DEs are determined by

data driven modeling.

5.2 development and optical motion capture of qrose

The RoSE has a limited visibility inside its conduit, which challenges the collection of

the experimental data needed for the DE discovery. To address this issue, QRoSE (quarter
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Figure 5.2: Isometric view of schemetic of QRoSE. To track the actuation of QRoSE, 9 retroreflective

markers (M1 to M9) of 4 mm diameter, were placed on 9 layers of QRoSE at a spacing

of 15 mm. A reference marker of 16 mm diameter was placed to set the reference

configuration.

version of RoSE) was developed and its conduit deformation was measured using the

Vicon optical motion capture system (Figure 5.2). The Vicon system consists of infra-red

cameras that track retroreflective markers located on an object. One marker was placed

at the center of the air chamber of each layer so that the chamber deformation could

be tracked. Hence, in total 9 markers were placed on 9 layers of the QRoSE and their

time-series movement in x-, y-, and z-axes were measured.

A dataset of dimension m = 5408 and n = 27 (n = 27 are the features, which

correspond to the x-, y-, and z-axes movement of the 9 markers located in Fig. 5.2)

was collected from the experiments where m represents the number of snapshots

(time samples), and n is the number of marker states. The number of snapshots (m)

was selected in a such a way that a deformation dataset of 5 peristalsis cycles can
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be generated. Out of the 5 cycles, three cycles were used for training, and two for

validation of the DEs. Hence, a ratio of 60 : 40 of m was used for training and validation.

Each snapshot was taken at a sampling interval (Ts) of 0.01 s.

5.3 defining the form of differential equations

In order to determine the DEs, the states of the system were defined as the marker

deformation along x-,y-, and z-axes and it is assumed that the states were observable

because all the markers are trackable. Since the dimension of the states were 27, and

SINDYC does not converge for a high state dimensional system, so it is not possible to

determine the underlying DEs from the captured dataset in the current vector space.

By determining and observing the Power Spectral Density (PSD) of the 9 marker

states, the first four markers’ states (12 states) were selected. In this research, POD

[117], [136] and Galerkin projection [137] were applied to project the dataset of the

marker M1, M2, M3, and M4 to a new subspace (S). The subspace has been defined by

r vector modes embedded in the columns of Ψr. These r vector modes are the basis of S.

Since, POD gives a principle way to do a low rank truncation of the data; thus, r << 12.

Once the reduced number of states a(t) were obtained, SINDYC was applied to find

the DEs of RoSE. It is a widely held view that most dynamical complex systems are

governed by a few non-linear terms and thus, sparsity occurs in the high-dimensional

nonlinear function space [117], [136]. The discovered DEs are in the form of

da(t)
dt

= g(a(t), u(t)) (5.1)

where u(t) is a vector of applied input pressure trajectories to L1, L2, L3, and L4 layers

of RoSE and g(.) is a non-linear function consisting of constant and polynomial terms

of a(t), and u(t).

5.4 dimensional reduction of differential equations by galerkin pro-

jection

Let x(t) be the state of RoSE, which lies on a n dimensional hyperspace Rn such that

n � 1 (Figure 5.3). In case of the RoSE, n = 27 represents the number of marker

states. Let S be a set of r linearly independent orthonormal vector modes such that

S = {ψ1, ψ2, · · · , ψr|ψj ∈ Rn and ||ψj|| = 1}. The linear combination of these vector

modes spans the r dimensional subspace S in Rn and hence, S can also be represented
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S = C(Ψr)

N(ΨT
r )

ψ2

ψ1

x(t)

x̃(t) = ProjSx(t)
a2ψ2

a1ψ1

Figure 5.3: Illustration of projection of x(t) on a low dimensional subspace S ∈ R2. S is given

by the column space of Ψr, which is spanned by the basis vectors ψ1 and ψ2. At any

time t, a1(t) and a2(t) represent the magnitude of ψ1 and ψ2, respectively.

by the column space of Ψr (C(Ψr)). The vector modes stored in Ψr are the basis of S.

For RoSE, S represents the subspace where the projection of the marker dataset lies.

The dimension of the S, given by r, is much smaller as compared to the dimension

of the hyperspace. Let x(t) /∈ S and hence, no linear combination of these modes can

represent x(t). Let x̃(t) be the orthogonal projection of x(t) on S then, x̃(t) can be

written in terms of a linear combination of these modes [138]:

x(t) ≈ x̃(t) =
r

∑
j=1

aj(t)ψj = Ψra(t) (5.2)

where, Ψr = [ψ1, ψ2, ..., ψr] and, a(t) = [a1(t), a2(t), ..., ar(t)]T. If r � n then, by know-

ing r values of a1(t), a2(t), ..., ar(t), a close estimate of x(t) represented by x̃(t) can be

determined. The coefficient aj(t) associated with each ψj represents the new reduced

states of the RoSE in S.

If x(t) /∈ S and if S is represented by the column space of Ψr, then x(t) /∈ C(Ψr) .

Thus, (x(t)− x̃(t)) lies in the left null space of Ψr represented by N(ΨT
r ). Therefore,

from the theory of vector projection, if ΨT
r (x(t)− x̃(t)) = 0, then (5.2) can be rewriten

as

x(t) ≈ x̃(t) = ΨrΨT
r x(t) (5.3)

where Ψ†
r = ΨT

r because Ψr is an orthonormal matrix.

Now, consider a non-linear dynamical system such as RoSE with control input u(t) ∈
Rl . Consider the system is governed by a set of first order DEs described below

dx
dt

= f(x(t), u(t)) (5.4)
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where f is any non-linear continuously differentiable function which maps: f :

Rn ×Rl → Rn. With n = 27 being the number of RoSE states, it is very difficult to

obtain f directly from x(t). Hence, substituting (5.2) and (5.3) in (5.4), (5.4) can be

rewritten as

da
dt

= ΨT
r f(Ψra(t), u(t)), a(0) = ΨT

r x(0) (5.5)

which is the ROM of the original dynamics of the RoSE in (5.4). It consists of r DEs which

describes the dynamics of the time evolution of a(t), and lies in S.

The result of (5.5) has shown successful projection of the dynamics of the n dimen-

sional RoSE to a r dimensional subspace, where it is possible to discover the DEs. By

comparing (5.5) and (5.1), ΨT
r f(.) can now be represented as g(.) and the DEs can be

discovered by determining g(.). Once the DEs are determined, the x̃(t) can again be

reconstructed from the predicted data generated from the simulated DEs by applying

x̃(t) = Ψra(t). In this way, a tremendous amount of computational efficiency can be

achieved [139]. Hence, r number of DEs can be determined by applying the Galerkin

projection to a system of n non-linear DEs such that r << n.

5.5 data dimension reduction by singular value decomposition (svd)

The dimension of S and, hence r can be determined by applying POD on the collected

marker dataset (RoSE states) [137]. To apply POD, first the snapshots of all the RoSE states

are collected in X = [x(1), x(2), · · · , x(m)] ∈ Rn×m, where x(j) = [x(j)
1 , x(j)

2 , ..., x(j)
n ]T are the

RoSE states at time t = jTs.

The snapshot matrix X belongs to a high dimensional subspace of Rn, and as n� m

truncated Singular Value Decomposition (SVD) can be applied to decompose X into

three matrices Ψr, Σr, and Vr. The truncated SVD of X (Figure 5.4) can be written as

[137]

X =


| | . . . |

x(1) x(2) . . . x(m)

| | . . . |

 ≈ X̃ = ΨrΣrVT
r (5.6)

The Ψr = [ψ1, · · · , ψr] from the truncated SVD is an n × r matrix that contains the left

singular vectors, which are also known as the POD modes (represented by red colour

region of Ψ in Figure 5.4). These r POD modes are orthonormal set of vectors in which

most of the dynamics of the RoSE are embedded. The truncated SVD gives a principal
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Figure 5.4: Truncated Singular Value Decomposition. The green color highlighting the r Singular

Values (SVs) in Σ selects the r POD modes from Ψ. The r rows of VT describes the

corresponding time dynamics of each selected mode.

way to do a low rank truncation of the X, where a low rank or low dimensional

embedding can be used to represent the X. The SVs {σ1, · · · , σr} in the diagonal of n× r

(highlighted by green colour region in Figure 5.4) diagonal matrix Σr describes the

importance of each orthonormal vector (direction). The right singular vectors embedded

in the r×m matrix Vr
T, describe the corresponding time dynamics of each mode such

that a(t) = ΣrVr
T.

The approximated data matrix X̃ is the best representation of X in l2 sense, which

basically means that r has been determined in such a way that the sum of square of

difference between X and X̃ is minimized. By looking at the SVs, the principal vector

modes can be decided i.e. r (r << n) vector modes can be extracted from the n POD

modes such that the r vector modes contain maximum possible variance of the collected

marker dataset. The dominance of these modes can be decided by looking at the SVs in

Σ matrix. Once the value of the r is decided, the first r number of the column vectors

from Ψ can be stacked into a lower order n× r truncated matrix Ψr, which forms the

POD basis (S). In particular, r represents the rank of the matrix Ψr and C(Ψr) represents

the low dimensional manifold or subspace S in which the RoSE states are embedded,

and it is known as the POD basis.

5.6 optimal state selection (oss) of rose states

Let p ≤ n be the number of states required in x to define the dynamics of RoSE and the

rest of the n− p states can be obtained by the linear combination of the p states. Let

y ∈ Rp be a tracking vector which contains the p states. Let C ∈ Rp×n be a selection
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Figure 5.5: OSS decomposition providing the information about the pivot states. The tracking

vector y contains the p pivot states of x̃. The selection matrix C selects the p pivot

rows of Ψr, which provides the location of p pivot states, which need to be tracked.

matrix such that y = Cx̃. The value of C provides the location of the p states, which

need to be tracked. By substituting (5.2) in y = Cx̃, it can be written as

y = CΨra = Φa (5.7)

Equation 5.7 is overdetermined if p > r, but if p = r then the solution is unique. Let

$ = {$1, $2, . . . , $p} ⊆ {1, 2, . . . , n} denote the p pivot states indices. Depending upon

the system, $j ∈ $ can take any value from j = 1, . . . , n hence the optimal state vector is,

x = [x$1 , x$2 , . . . , x$p ]
T. The structure of the matrix C is governed by the set $ where all

the elements are zero except the $th
j entry which is equal to one. For example, if n = 4

and if 3rd state is the first pivot state then $1 = 3, hence the first row of C is [0 0 1 0].

If â is the best estimate of a in terms of the least square sense in (5.7) then â can be

written as

â =

 Φ−1y = (CΨr)−1y; p = r

Φ†y = (CΨr)−†y; p > r
(5.8)

Let x̂ be an approximated version of x̃ which can be generated by appying x̂ = Ψrâ.

By applying OSS, the l2 Least Squares (LS) error between a and â can be minimized.

The OSS problem is a row identifying problem in Ψr which maps the r dimensional

reduced subspace S in Rn to a r dimensional subspace Sp in Rp [138], [139]. The role of

the selection matrix C is to strategically pick p coordinate indices in Rn and thus it is

used for searching the p linearly independent rows of Ψr whose rank is at most r. It

can be called as a transformation matrix that maps the n dimensional POD basis vectors

of Rn in Ψr to p dimensional vectors stored in Φ.
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The matrix C can be determined by finding out the first p pivot states from n states

in such a way that a can be recovered from y. By applying QR decomposition with

column pivoting on ΨrΨr
T (ΨT

r ) for p > r (p = r), the pivot states indices $ can be

determined and C can be structured in accordance with it [138], [139]. The algorithm for

the QR column pivoting first finds out the column with maximum l2 norm from ΨrΨr
T,

chooses it as the next pivot, moves it to the front column, and applies Householder

orthogonal projection [138].

5.7 sparse identification of nonlinear dynamics with control (sindyc)

In Section 5.5, ROM techniques are applied to states x(t) of RoSE to obtain a(t) in order

to derive the DEs of RoSE in the form of (5.1). This section generalizes the SINDYC method

to incorporate the time-varying air pressure input to the pneumatic chambers of the

RoSE which are actuated sequentially [136], [140]. SINDYC is applied to the snapshots of

a(t) and u(t) by generating a data library matrix which is discussed further below in

the section.

It is observed that the DEs modeling the dynamics of any physical system comprise a

combination of a few linear and non-linear terms [117]. Hence, these terms are called

active terms. Based on such assumption, the SINDYC method is implemented, which

balances the number of active terms in the DEs with accuracy, and overfitting, resulting

in a parsimonious model of the RoSE. The SINDYC algorithm uses a sparse regression

technique in a non-linear function space to determine the active terms and hence,

to model the dynamics [117]. As SINDYC modeling only relies input applied to the

dynamical system during experimentation, hence it solely comes under the category of

data driven modeling.

Since it is difficult to make the SINDYC algorithm converge with the actual RoSE states,

other snapshot matrices Xa and Ẋa are introduced as follows

Xa =


| | . . . |

a(1) a(2) . . . a(m)

| | . . . |



Ẋa =


| | . . . |

ȧ(1) ȧ(2) . . . ȧ(m)

| | . . . |


(5.9)
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The snapshot matrices Xa and Ẋa have a dimension of r×m, which is structurally

similar to X and Ẋ, respectively. The matrices contain the snapshots of a(t) and ȧ(t)

instead of x(t) and ẋ(t). Likewise, an input snapshot matrix, U ∈ Rl×m described as

per (5.10) is also constructed, where l is the number of inputs to the non-linear system.

U =


| | |

u(1) u(2) · · · u(m)

| | |

 (5.10)

In order to find the active terms that can define the governing DEs of the RoSE, a

library matrix Θ(Xa, U) is constructed as follows

Θ(Xa, U) =
[

1 Xa U Xa⊗Xa U⊗U · · ·
]

(5.11)

The matrix Θ(Xa, U) consists of candidates of non-linear function as well as non-linear

cross terms of a and u. In (5.11), a⊗ u defines all the possible product combinations

of the component of a and u. For example, if a(t) = [a1 a2]T and u(t) = [u1 u2]T then,

a(t)⊗ u(t) = [a1u2 a2u1]. The matrix can admit lower and higher order polynomial and

trigonometric terms [117]. To design the library, constant and first order polynomial

terms are considered first, and then the complexity of the library matrix is increased by

introducing higher order polynomials. Thus, (5.5) can now be rewritten as

Ẋa = ΥΘT(Xa, U) (5.12)

Equation (5.12) represents the matrix vector product form of (5.1), where the objective

is to discover the g(.) for RoSE in the vast non-linear function space represented by

Θ(Xa, U). In this research, total variation regularization is applied to obtain the noise

free derivative of Xa (Ẋa) [141]. For RoSE, g(.) contains a limited number of terms and

hence, Υ is a sparse matrix of dimension n× q.

Let υT
1 , υT

2 , · · · , υT
r be the row vectors of Υ such that υ1 = [υ11, υ12, · · · υ1q]

T, and

υj ∈ Rq|j = 1 · · · r. Thus, Υ can be written as

Υ =


-υT

1 -

-υT
2 -
...

-υT
r -

 (5.13)
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Figure 5.6: Illustration of the SINDYC algorithm, showing the concept of sparsity.

Taking transpose on both sides of (5.12), it can be re-written as

ẊT
a =


| | · · · |

ȧ1 ȧ2 · · · ȧr

| | · · · |

 = Θ


| | |

υ1 υ2 · · · υr

| | |

 (5.14)

where, ȧj = [ȧ(1)j , ȧ(2)j , · · · , ȧ(m)
j ]T and aj = [a(1)j , a(2)j , · · · , a(m)

j ]T. From (5.14), ȧj can

be formed by the linear combination of the column vectors of Θ, whose coefficients

are given by the sparse vector υj (Figure 5.6). Thus, ȧj lies in the column space of Θ

(C(Θ)). If υj is a k sparse vector with q− k zero entries then, the vector ȧj is a linear

combination of k columns of Θ. The kth column corresponds to the locations of the k

non zero entries in υj as shown in Figure 5.6. Hence, ȧj lies in a k dimensional subspace,

spanned by those k column vectors of Θ in Rm. Thus, Θ maps the υj which lies in one

of the k dimensional subspaces of qCk in Rq to ȧj in Rm.

In this research the Sequentially Thresholded Least Squares Regression (STLSR) algo-

rithm is applied to determine Υ in (5.12). The algorithm is computationally efficient

as compared to Least Absolute Selection And Shrinkage Operator (LASSO) [117]. More

details about LASSO and STLSR have been discussed in Section 2.5.3.4 and Section 2.5.3.5.

Once the sparse coefficient matrix Υ has been determined, the active terms in the

RoSE can be identified with the indices of the non-zero entries in Υ. The jth DE associated

with aj can be written as

ȧj = Θ(a, u)υ∗j (5.15)

In general, the governing DEs of the RoSE can be constructed as follows

ȧ = g(a, u) = Υ∗ΘT(a, u) (5.16)
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In (5.16), Θ(a, u) now define the vector of symbolic function of a and u, whose active

terms are governed by the sparse matrix Υ∗. Equation (5.16) is the matrix vector form

of (5.1) which describes the governing DEs of RoSE.

5.8 results

5.8.1 Vicon Experiment and Preprocessing

In this experiment a single sinusoid peristalsis was considered, which is described by

H(x, t) = ε +
α

2
[1− cos(2π

x− ct
w

)] for, ct ≤ x ≤ (ct +
w
2
) (5.17)

where

ε minimum radius in mm

x axial displacement in mm

t time in s

H(x, t) conduit’s radius at time t

α amplitude of the wave in mm

c velocity of the travelling wave in mm.s−1

w wavelength in mm

The profile describes the nature of the peristalsis to be in the region of w/2 because

the chambers in front of the wave are in their initial state (not inflated), and behind the

wave they remain inflated i.e. in their final state. In order to mimic the actual biological

phenomena of the swallowing process, w/2 = 60 mm, c = 30 mm.s−1, ε = 0 mm, and

α = 10 mm was considered.

RoSE achieved peristaltic waves of 60 mm half-wavelength by commanding time

varying pressure profile trajectories into adjacent whorl of chambers simultaneously.

These trajectories pass on to a succession along the RoSE length to generate a geometric

occlusive propagating wave in the rostral-caudal direction [15]. Figure 5.7 illustrates the

normalized pressure profile applied to the layer L2, L3, and L4 of the robot. In order to

profile the RoSE conduit as per (5.17), the robot was exhaustively searched with different

pressure trajectories. It was found that the deformation behaviour of the RoSE closely

resembles (5.17), if it is excited with the control signal shown in Fig. 5.7. Moreover, one

cycle of u(t) is just a combination of unit step waveforms of different amplitudes.
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Figure 5.7: Normalized input pressure profile trajectory applied to the RoSE layers (L2, L3, and

L4).
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Figure 5.8: Actuation of QRoSE and the set-up of retroreflective markers for Vicon motion

capture.

To track the peristalsis profile of the surface of the robot, a column of 9 hemispherical

markers of diameter 4 mm with a spacing of 15 mm was placed on top of each chamber

(Figure 5.8). Additionally, to set the reference configuration, three large markers of

diameter 16 mm were placed at the three corners of QRoSE.

For capturing the actuation of QRoSE, 12 Vicon cameras were used to track the motion

of the retro-reflective markers along x, y, and z-axes (Figure 5.8), out of which four

cameras were placed within a range of 2 m from the QRoSE for precise tracking. From

the captured data, it was found that the generated peristalsis profile in the QRoSE closely

resembles the desired profile. Before applying the ROM algorithms, the dataset was
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Table 5.1: Description of the QRoSE states associated with the markers.

Marker Marker displacement

x-axis y-axis z-axis

M1 x1 x2 x3

M2 x4 x5 x6
...

...
...

...

M9 x25 x26 x27

preprocessed to interpolate any missing frames in the data, and filtered to remove noise

from the data.

Let {Mi}9
i=1 denote the markers located at the top 9 layers of QRoSE (Figure 5.2). Let

x3i−2, x3i−1, and x3i be the states representing the ith marker (Mi) movement in x-, y-,

and z-axes, respectively. Table 5.1 provides the description of the states associated with

each marker.

The dataset recorded from the Vicon system was pre-processed before deriving the

DEs. Firstly, the missing frames, which were not captured by the cameras, were filled

by applying missing data interpolation command misdata in MATLAB. Secondly, any

linear trends in the dataset were stored and removed since the offsets introduced by

the arrangement of markers in x and y direction could have affected the SV energy

distribution. The existence of such trends can lead to a wrong selection of QRoSE states.

The stored trends were reintroduced in the solution of the discovered DEs. Finally, to

remove the additive white noise, the dataset was passed through a low pass filter of

cut off frequency and order of 10 rad.s−1 and 6, respectively. Figure 5.9 shows the

unfiltered and filtered displacement of marker M1 along x, y, and z-axis. In Figure 5.9,

x1(t), x2(t), and x3(t) represent the first three states of QRoSE.

By determining the normalized PSD of all the markers states, it was observed that the

dynamics governing the robot are identical throughout its length. Figure 5.10 illustrates

the normalized PSD in db.Hz−1 of the first three markers (M1, M2, and M3). Hence,

instead of taking all the marker states into account for discovering the DEs, the first

four markers (M1, M2, M3, and M4) of the robot were considered. Therefore, from this

section onwards the top one-third of RoSE, along its length, is considered.
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Figure 5.9: Unfiltered and filtered displacement of marker M1. (a) x1(t), (b) x2(t), and (c) x3(t)

corresponds to the x, y, and z-axis movement of M1, respectively. The unfiltered

dataset was passed through a low pass filter of cut off frequency and order of 10

rad.s−1 and 6, respectively.

5.8.2 Reduced Order Modeling

This subsection gives the results of mapping the high dimensional captured snapshot

dataset (X) to a low dimensional subspace S and provides information about the

optimal states of RoSE for the discovery of DEs. The result presented in this subsection

is associated with the theory discussed in Section 5.4 to Section 5.6.
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Figure 5.10: Normalized PSD plot of x, y, and z- axis movement of marker M1, M2, and M3.

The plots are identical to each other, which confirms the fact that the dynamics

governing the robot are identical throughout its length.

5.8.2.1 POD algorithm

To apply POD, the states of the first four markers were selected, and a snapshot matrix X

was constructed as per (5.6) such that X has a dimension of 12× 5408. The surface plot

of X and its POD approximation X̃ is shown in Figure 5.11 (a) and (b). The calculated

Normalized Root Mean Square Error (NRMSE) between X and X̃ for r = 2 was computed

to be 0.1725 mm. Hence, it can be deduced that r = 2 states are enough to represent

the maximum variance of the captured dataset.

The marker ’o’ plot in Figure 5.11 (c) illustrates the SV energy distribution of the SVD.

The decay of the SVs with the POD modes describes the dominance of each mode. The

first three modes, {ψ1, ψ2, ψ3} constitute 88 % of the total energy in the system. The
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Figure 5.11: Plots associated with SVD of snapshot data matrix X. Surface plots in (a) and (b) are

comparing the actual snapshot data matrix X and its recovered version X̃, obtained

by projecting X on the first two POD modes. (c) SV energy distribution associated

with POD modes. (d) Projection of x on the first four POD modes. The magnitude of

the projection is decreasing with the POD mode index.
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magnitude of projection of X on ψ1 and ψ2 modes are much higher as compared to

other POD modes (Figure 5.11 (d)). For computational efficiency and convergence of

SINDYC, POD modes Ψr = [ψ1, ψ2] were chosen.

5.8.2.2 OSS Algorithm

The OSS discussed in Section 5.6 was applied to map the POD basis Ψr in n = 12

dimensional hyperspace to a p = 3 dimensional subspace (Sp). The indices of the rows

of Ψr provides spatial information about the markers and hence, information about the

RoSE states. To identify the pivot states and the markers, which need to be tracked, a QR

pivoting algorithm was applied and normalized optimal state error E(||x− x̂||/||x||; p)

for {2 ≥ p ≤ 12|p ∈ Z} was evaluated.

Although least error was observed for p = 9, for computational efficiency p = 3 was

selected. Corresponding to p = 3, the QR pivoting obtained the indices $ = {12, 6, 9},
which implies that C has unit entries at (1, 12), (2, 6), and (3, 9). By applying y = Cx̃

pivot states x̃12, x̃6, and x̃9 were obtained. From Table 5.1, it can be seen that the pivot

states x̃12, x̃6, and x̃9 in y are associated with the markers M4, M2, and M3, respectively.

Hence, these are the markers which are required for the full state estimation of RoSE

and discovery of DEs [139].

Once the reduced subspace Sp has been determined, a second SVD to the snapshot

matrix X̂, derived from y, was applied. The matrices corresponding to the second SVD

are Ψ̂, Σ̂, and V̂r. It was observed that the first two SVs of Σ̂ have captured 95% of the

energy, which is a massive improvement in terms of the first SVD (marker ’∆’ plot in

Figure 5.11 (c)). Hence pivot states have also improved the SV response. Figure 5.12

provides the comparison of pivot states of actual captured QRoSE states x(t), and

reconstructed states x̃(t) and x̆(t) after applying SVD 1 and 2, respectively.

5.8.3 SINDYC Algorithm

This section presents the DEs of RoSE in the range of S. For applying SINDYC, the

snapshot matrix Xa ∈ R2×5408 containing the snapshots of a(t) was considered. By

applying x ≈ x̀ = Φà, the dataset was projected back to the original states where, à is

the prediction (solution) of the discovered DEs, which is illustrated in Figure 5.1.

An input snapshot matrix U ∈ R3×5408 was constructed for applying the SINDYC such

that each row in U represents the time-varying pressure profile of the L2, L3, and L4 of
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Figure 5.12: Comparison of pivot states of actual QRoSE states x(t), and reconstructed states x̃(t)

and x̆(t) after applying SVD 1 and 2, respectively.

RoSE layers, respectively (Fig. 5.7). A library matrix Θ(Xa, U) containing the candidate

terms of the DEs was also generated as per the discussion in Section 5.7.

The algorithm was controlled by the size of the training dataset ntrain, and the sparsity

parameter λ. The value of ntrain and λ were selected based on minimum NRMSE criteria

and number of sparse terms in the DEs. For analysis eight DE models of RoSE were

selected such that each model represents a pair of first order DEs with various linear

and non-linear polynomial terms (active terms) and different level of sparsity.

Let {H1, H2, · · · , H8} be the eight DE models of RoSE. Each model is associated with

a particular λ, and ntrain. These are the only 8 models, which were able to validate

the test data. The sparse matrix Υ∗ ∈ R2×252 linked with each DE model selected the

active terms stored in Θ of (5.16). It was observed that the models do not contain any

active term solely formed from the combination of the inputs and hence, the DEs do not

explicitly depend on the input. The absence of any first and second order terms, and

the presence of few third order terms in the models depicts that the RoSE is a non-linear

system. Further analysis and validation on each model (eight models) was done in

Section 5.9.1 in order to select the model representing the correct DEs of RoSE. Equation

(5.18) and (5.19) provide the two discovered DEs for H5, associated with ntrain = 3400

and λ = 1.4× 10−4.
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2u1 - 7.2a4
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(5.19)

The DE model H5 is in the form given by (5.5). Figure 5.13 depicts the comparison

between the training data (â(train)) and the test data (â(test)) with the predicted data à,

found by the solution of the DEs defined by H5. It should be noted that the DEs lie in

the range of Ψr and not on the standard basis space.

Once the DEs were determined, their predicted values were projected back to the Sp

by applying the transformation matrix Φ defined in Section 5.6. Figure 5.14 illustrates

the comparison between the deformation trajectory defined by the actual (captured

deformation) and predicted states (predicted deformation). In general the deformation

of RoSE with respect to a specific input u can be predicted by pre-multiplying the

solution of (5.18) and (5.19) with Φ. Similarly full state reconstruction is possible by

pre-multiplying the solution of (5.18) and (5.19) with Ψr.

5.9 validation of discovered rose differential equations

This section validates the eight DE models of RoSE determined in Section 5.7 with the

articulography experiments performed in [14] to select the best model. Additionally,

the stretchable array of capacitive sensor results in [16] were also utilized to further

validate the selected DE model.
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Figure 5.13: Comparison between the training data (a(train)) and the test data (a(test)) with the

predicted data à determined by the solution of the DEs of H5.

5.9.1 Articulography Test

Figure 5.15 illustrates the articulography setup on RoSE. PA, PB, and PC are the pneu-

matic pressure exerted in triads over the range of 0− 71.5 kPa, divided in 20 steps.

In Figure 5.16 (a), u1, u2, and u3 represent the profile of PA, PB, and PC such that

u1 ≥ u2 ≥ u3. Each commanded pressure triad was held for 1 s so that the system

can reach its steady state condition. Hence, a time step of 1 s was also considered for

solving the eight DE models. The input pressure trajectory as shown in Figure 5.16 (a)

consists of the original trajectory captured between t = 300 to 600 s.

To simulate the DE models, a random set of initial conditions were used. In order

to compare the results of the simulation of the discovered DEs, the displacement of

markers MA, MB, and MD from the articulography experiment were selected. The given

set of markers were selected because they were placed close to the location, where the

retroreflective markers were placed.

After simulating all the models, it was found that H5 best predicts the output for the

input pressure profile used for performing the articulography experiments (Figure 5.16

(a)). The blue and red color plot in Figure 5.16 (b) to (d) provides the response of the

articulography markers and the discovered DEs, respectively, when subjected to the
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Figure 5.14: Comparison between the actual states x6, x12, and x9 and the predicted states x̀6,

x̀12 , and x̀9 of the DE model.
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Figure 5.15: Schematic of RoSE articulography experiment setup.
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input described in Figure 5.16 (a). Both the responses are very similar to each other

especially at the peaks, indicated by the error bar plots as shown in Figure 5.16 (b) to

(d).

Let E = [e1(t), e2(t), e3(t)] ∈ R301×3 be an error matrix, such that e1(t) = (MA −
x̀6), e2(t) = (MB − x̀9), and e3(t) = (MD − x̀12). Each row of E represents the error

between the articulography marker displacement (blue color) and DE predicted dis-

placement (red color) from t = 300 to 600 s. The mean and standard deviation of E were

found to be [−0.0584, 0.9852, 0.9397], and [0.2047, 0.2658, 0.2633], respectively. Since the

standard deviations of the columns of E are low, thus no significant change in e1(t),

e2(t), and e3(t) with time were detected. In addition, from Figure 5.16 it can be seen

that the distance between the peaks (height of the error bars) are approximately equal at

the indicated time instants. Overall, E does not affect the prediction of the DEs because

e1(t), e2(t), and e3(t) can be considered as offsets.

The error e1(t), e2(t), and e3(t) (error at the peaks) at t = 366, 457, and 564 s were

found to be [−0.04, 0.84, 0.51], [−0.19, 0.79, 1.15], and [−0.17, 0.85, 1.59], respectively. In

Fig. Figure 5.16 (b)-(d), error e1(t), e2(t), and e3(t) are occurring due to the slight

mismatch in the location of the articulograph and the retroreflective markers, which

has been shown in Figure 5.16. Moreover, the data from both the experiments were

recorded by using different measurement systems, and hence they introduce different

kinds of measurement errors. Interestingly, the DEs predicted plot retains most of the

characteristics of the articulography plot.

Figure 5.16 (b) to (d) reveals that the sawtooth variations recorded by the articulo-

graph, are comparatively less than the variations generated by the H5 prediction. This

is because of the inability of the articulograph to capture the variations accurately, and

the effect of noise while recording. Besides, it can be observed from Figure 5.16 (b) to

(d) that the H5 response jumped towards the response recorded by the articulograph,

irrespective of the fact that random initial conditions were selected for solving the DEs.

5.9.2 Capacitive Sensor Array Test

A stretchable array of capacitive sensors was implanted in the RoSE conduit [16]. The

array was used to measure the conduit deformation at layer L6, L7, and L8. The results

from the array experiments were used to further validate the DEs prediction since the

DEs are discovered from the data collected from QRoSE.

The pressure trajectory profile responsible for generating the swallowing action

(peristalsis waves) in both the sensor array and the Vicon experiments were kept the
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Figure 5.16: Plots comparing the RoSE articulography experiment results with the discovered DE

prediction. (a) Input pressure trajectory of RoSE articulography experiment, captured

between t = 300 to 600 s. (b), (c), and (d) Plot comparing the articulography

markers displacement, and the discovered DE prediction, when subjected to the

input pressure profile in (a).
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Figure 5.17: Plots comparing the RoSE capacitive sensor array experiment results with the

discovered DE prediction.

same. It was assumed that the action produces a similar deformation profile at any point

on the conduit wall because the RoSE was configured to generate uniform peristalsis

characteristics across the conduit. For this reason, the deformation states of L6, L7, and

L8 of the sensor array experiments were compared to the prediction of DEs associated

with L2, L3, and L4.

Figure 5.17 illustrates the deformation trajectory obtained from the sensor array

experiments (dashed line), and from the simulation of the DEs (solid line). The defor-

mation obtained from the DEs prediction was higher as compared to the sensor array

results since a manometry catheter of 4 mm diameter was inserted in the conduit of

RoSE while performing the sensor array experiments, and due to which the conduit

chambers were not able to attain their maximum deformation. Hence, a maximum of 8

mm deformation was recorded by the sensor array.

The maximum deformation difference rises further since the RoSE chamber deforma-

tion measured at the centre is restricted from the inflation of another chamber in front

of it. In the QRoSE, due to no such restriction, the deformation of some of the layers

went past the 10 mm mark.
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The mismatch in the profile of the trajectories might be attributed to the limitation of

the sensor array in capturing the dynamics of RoSE precisely because the sensor was

designed mainly to record the maximum deformation. The high accuracy in the DE

prediction is also evidence of the fact that the Vicon system is a more capable system in

terms of sensing the RoSE conduit deformation.

5.10 chapter summary

This chapter documented the inspiration and techniques towards discovering the

DEs of RoSE. The strength of ML in the current academic literature prompted the use

of SINDYC and data dimensional reduction techniques to model RoSE. The SINDYC

algorithm applied to determine the DEs relies solely on the data collected from the

experiments. The DEs modeled the RoSE nonlinear peristaltic conduit deformation

concerning the applied pressure. The discovery of the DEs has given a significant rise to

the understanding of the complex and nonlinear dynamical behavior of RoSE.

To address the limited visibility of RoSE, QRoSE was constructed, and retroreflective

markers were placed on it. The movement of the markers in x, y, and z-axis was

considered as the states of QRoSE. A series of swallowing experiments were conducted

on QRoSE by using optical motion capture, to collect datasets consisting of time-varying

conduit deformation.

POD was applied to reduce the dimension of the dataset, and subsequently, the

OSS algorithm was applied to select the pivot states from the datasets. The reduced

datasets were then used to determine the DEs of RoSE by applying SINDYC. Eight models

consisting of a different pair of DEs were identified for RoSE. Further validation with

a RoSE articulography experiment was performed to select the most suitable model.

The discovered DEs were also validated with the results of capacitive sensor array

experiments of RoSE. The validation of the results suggests that the DEs satisfactorily

model the dynamics of RoSE.
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6.1 introduction

There is a growing body of literature that recognizes the importance of model-based

control techniques, such as optimal control [142] and Model Predictive Control (MPC)

[143], [144] because they are capable of routinely taking actual plant constraints into

account in real-time.

MPC is an advanced and well-known technique of controlling highly nonlinear

processes with constraints [143], [145]–[147]. The principle of MPC can be understood

by the analogy of how we cross a road. Despite a less busy road, we continually

look around (our prediction horizon) to anticipate approaching vehicles and update

our movement (control parameters) using the information presented to us during the

crossing. Likewise, based on the past observations, MPC employs the concept of receding

horizon (forward shifting of prediction horizon) to anticipate potential disturbances and

thereby to generate a control sequence that is a proposition among possible alternatives

that can manage likely disturbances well at the next time step [143], [148].

Unlike traditional control theory, MPC is effective if there is a process dead-time or if

the setpoint/reference trajectory is well defined ahead of time. Additionally, it provides

the flexibility to formulate and modify the objective function for optimal control. In

comparison with Proportional-Integral-Derivative (PID), there are many advantages of

MPC over PID, and a few of them are as follows:

• MPC adjusts the control signal before any reference changes, while PID has no

such ability.

• Comparatively, MPC gives significantly less control error.

• Less propagation of measurement noise through the controller.

• According to the fixed constraint, the MPC controller can restrict the process

output variable.

137
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Since the 1980s, there is a dramatic increase in the application of MPC in industries

[148] like oil refineries and chemical plants [149], [150], power systems and power

electronics [151], and robotics [152], because MPC can model and thereby predict

nonlinear and non-minimum phase dynamics systems very accurately [144].

Advanced control techniques like the MPC are difficult to implement for soft robotics

control because many soft robots like the Robotic Soft Esophagus (RoSE), manufactured

by soft elastomers like silicone rubber [14], cannot be modeled from the perspective of

first principles due to their complex, continuous, and highly compliant intrinsic defor-

mation, which leads to infinite degrees of freedom [1]. Besides, even if an appropriate

model may be developed to explain the dynamics of such a system, it is challenging to

build a classical model based control for such a system. Thus, implementing MPC for

soft robots requires new approaches to modelling and dynamics.

In recent years, developments in the area of Machine Learning (ML) and data science

have opened the gateway to model soft robots with data-driven techniques [7]. Despite

the recent advancements of ML, a significant drawback of applying MPC in the absence

of an actual plant model remains that of developing a suitable ML-based data-driven

model, which may require vast and time-consuming data collection. Depending upon

the type and complexity of the model, MPC may require very high computational power

for faster computing time.

The limitations of MPC have inspired the pursuit of various ML modeling and opti-

mization techniques to make it fast. Additionally, with the increasing complexity of

the soft robots and rigid performance specifications, the researchers have revealed that

MPC performance can be significantly improved by improving the predictive model

[153]. Hence, MPC based on Support Vector Machines (SVM) [154], Artificial Neural

Networks (ANN) [155], reinforcement learning [156], and sparse regression [117] is

developed to take advantage of every aspect of ML.

There are many challenges associated with data-driven modeling of RoSE. First,

the issue of limited visibility inside the RoSE conduit and lack of embedded sensing

capability. Second, the success of the available data-driven techniques relies highly on

large quantities of training data. Third, most of the ML based modeling techniques

often suffer from overfitting, which may cause lack of robustness in the real-time MPC

of RoSE, since the model is unable to generalize beyond training data. Last, the black

box nature of most of the data-driven models does not provide any insight into the

underlying physics of the robot, and thus makes its analysis difficult.

However, the Sparse identification of Nonlinear Dynamics with Control (SINDYC)

approach [117], [136], has succeeded in addressing the challenges in the data-driven
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modeling of RoSE [157]. Due to the lack of embedded sensor and limited visibility inside

the RoSE conduit, the earlier SINDYC model discussed in [157] was not derived directly

from the RoSE. In [157], it has been proven that the SINDYC algorithm promotes sparsity

by identifying a few linear and nonlinear terms governing the dynamics of the RoSE.

Additionally, as compared to other ML techniques like the ANN, SINDYC demands less

training data, less execution time, and avoids overfitting [158]. Integrating the RoSE

SINDYC model in the MPC framework can take advantage of the underlying dynamics in

achieving the prescribed peristalsis profile for stent testing. Hence in this chapter, the

RoSE sensing issue is solved first since MPC can’t be implemented without a repeatable

and durable sensor. The resulting SINDYC-MPC of RoSE can be robust in dealing with

the abrupt changes to the working environment.

6.2 problem formulation

The foundation of supervised ML techniques like the SINDYC is qualitative and quantita-

tive data collection. To a greater extent, the quality of the training data determines the

SINDYC modeling generalization when applied to any soft-robot like RoSE (Figure 1.1,

Section 3.2).

The issues of limited visibility inside the RoSE conduit and lack of embedded sensors

have always hindered the design and development of the RoSE model and control.

Hence to measure the conduit deformation, vision-based techniques like optical motion

capture cannot be directly applied to RoSE [157]. Besides, data collection for modeling

has always been challenging due to the absence of any embedded sensor. The fabrication

and architectural details of RoSE are discussed in Section 3.2.

To address the limitations of RoSE for applying SINDYC, Robotic Soft Esophagus

version 2.0 (RoSEv2.0) was developed with embedded sensing capability. The architecture

of RoSEv2.0 is similar to that of RoSE, and like RoSE, RoSEv2.0 is also devoid of any rigid

structure inside its conduit. RoSEv2.0 has 12 identical layers (L1, to L12) where each layer

consists of four air pressure chambers, arranged axis symmetrically (Figure 6.1). Each

layer of RoSEv2.0 is connected with an electro-pneumatic pressure valve (ITV-0030-3BS,

SMC, USA) to profile the RoSEv2.0 conduit with distinct shapes. The valves are equipped

with an in-built Valve Pressure Sensor (VPS) to measure pressure inside the chambers.

For controlling the valves and hence RoSEv2.0, digital values from a Raspberry Pi 4

Model B were sent.

The significant variation between RoSE and RoSEv2.0 is the outer casing construction,

which is replaced with a transparent PDMS (SYLGARD 182, Dow, USA) casing in RoSEv2.0
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Figure 6.1: Isometric view of RoSEv2.0 Computer-Aided Design (CAD) model. RoSEv2.0 consists of

12 identical layers (L1, L2, · · · , L12), and in each layer, four chambers are arranged

axis-symmetrically. The top outer side of RoSEv2.0 is constructed from transparent

Liquid Polydimethylsiloxane (PDMS), which allows the Time of Flight (TOF) sensors

to work through it. The TOF sensor array measures the displacement of the 12 layers

of RoSEv2.0. The conduit deformation is caused by the air pressure, which is passed

to the chambers through the pressure inlets.

(Figure 6.1). An array of TOF (VL6180X, STMicroelectronics, Switzerland) sensors are

placed on top of the PDMS layer to measure the conduit deformation laterally from the

outside.

The discrete-time formulation of the SINDYC-MPC framework has been implemented

for the data-driven discovery of RoSEv2.0 dynamics to facilitate nonlinear MPC of RoSEv2.0.

In this work, the discrete-time formulation of SINDYC is referred to as Discrete Time

Sparse identification of Nonlinear Dynamics with Control (DTSINDYC). The DTSINDYC

foregoes the calculation of the derivative of noisy data collected from RoSEv2.0. Ad-

ditionally, the major advantage of DTSINDYC over other techniques is the ability of

automatically balancing sparsity in the number of polynomial terms, which it captures

from the data.

The DTSINDYC approach uses a small number of datasets collected from RoSEv2.0 TOF

or VPS and aims to discover the underlying Discrete Time Differential Equations (DTDEs)

given by (6.1) such that the equations best-fit the captured dataset.

xk+1 = g(xk, uk) (6.1)
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Table 6.1: Characteristics of the DTSINDYC models.

Model
Sensor

used

State

variables

State variables

represent

Control actuation

type

M1 TOF xk Displacement (mm) Symmetric

M2 VPS xk Pressure (kPa) Symmetric

M3 TOF xk,1, xk,2, xk,3 Displacement (mm) Peristaltic

M4 VPS xk,1, xk,2, xk,3 Pressure (kPa) Peristaltic

In (6.1), uk ∈ Rn, and xk ∈ Rn represent the analog voltage values for pressure

command applied to the pneumatic valves at kth time step to govern the RoSEv2.0

actuation and its corresponding TOF or VPS measurements, respectively. g(.) represents

a nonlinear polynomial function consisting of first and second order polynomial, and

constant terms, mapping Rn ×Rn → Rn. Equation 6.1 also represents the predictive

nature of the DTSINDYC models of RoSEv2.0, which will be used for implementing the

MPC. At any time-instant k, given xk and uk of RoSEv2.0, the future of the RoSEv2.0 states

denoted by xk+1 can be predicted if g(.) is able to generalize the underlying dynamics

of RoSEv2.0. In this research, g(.) represents four different DTSINDYC models (M1, M2,

M3, and M4), generated from the VPS and TOF captured data.

Table 6.1 provides the description and physical representation of the state variables

associated with the models. The models are used in the MPC for controlling conduit

displacement or chamber air pressure in case of symmetric or peristaltic actuation,

respectively. In symmetric actuation, all the layers of RoSEv2.0 must enclose simultane-

ously; thus, to reduce the computational complexity of solving the DTSINDYC model in

real-time, only L5 (Figure 6.1) was controlled, and the control law was passed to the

subsequent layers. For peristaltic actuation, at least three layers are required to generate

a spatio-temporal waveshape, so L5, L6, and L7 were considered.

The MPC of RoSEv2.0 using M1, M2, M3, or M4 is implemeted to compute the control

law u(.|xk) = {uj+1, · · · , uj+k, · · · , uj+Nu} at any time-step j, for achieving a prescribed

peristaltic or symmetric actuation profile of the RoSEv2.0 conduit over a control horizon

Nu and prediction horizon Np, given the current TOF or VPS measurement xj is available.

Hence, the implicit feedback law for controlling the valves and hence, controlling the

RoSEv2.0 can be written as
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u(j + 1|xj) = uj+1 (6.2)

where uj+1 is the first row in the optimized actuation sequence beginning at the

initial condition xj.

6.3 rose version 2 .0 fabrication and actuation protocol

This section aims to introduce the methodology adopted for the development of the

biomimetic swallowing robot, RoSEv2.0, which can also be seen as a peristaltic pump.

Acrylonitrile Butadiene Styrene (ABS) plastic is used to print the casting molds and the

main housing of RoSEv2.0 (Figure 6.2). The RoSEv2.0 conduit, which is the actuator, is

constructed by vulcanizing silicone rubber (Ecoflex 00-30, Smooth-On, USA) at room

temperature. After the silicone has cured, the plastic rod and the chamber place holders

are removed (Figure 6.2 (a)).

RoSEv2.0 has 12 identical layers (L1 to L12, (Figure 6.2 (b))) such that each layer contains

four air pressure chambers surrounding the conduit axis symmetrically with a whorl

width and whorl boundary thickness of 10 and 5 mm, respectively. The entire RoSEv2.0

conduit does not contain any rigid skeletal boundary, and when pressurized with air,

the whorl of four chambers inflate and occlude, mimicking circular muscle activation.

This property of the RoSEv2.0 is responsible for creating continuous peristaltic pumping.

In the previous generation of RoSEv2.0, the sealing of the air pressure chambers

from all the sides (S1 to S4) was obtained by adding an outer case of Ecoflex 00-30

rubber. Since the Ecoflex rubbers are water white translucent, the previous versions

of RoSEv2.0 suffer from limited conduit visibility, which challenges the collection of the

experimental data needed for modeling.

In RoSEv2.0, the Ecoflex outer casing from side S1 of the RoSE is replaced with a

transparent PDMS (SYLGARD 182, Dow, USA) casing. The PDMS casing is cast separately

(Figure 6.2 (c) and (d)) and bonded with an adhesive (Sil-Poxy, Smooth-On, USA) to the

outside of the cured Ecoflex 00-30 rubber of the RoSEv2.0 conduit (Figure 6.2 (e)). The

cured PDMS has a hardness greater than 50A (higher than a pencil eraser), which makes

it a perfect choice for restricting the RoSEv2.0 actuation radially inwards. By using the

same adhesive, 11 TOF (VL6180X, STMicroelectronics, Switzerland) sensors are placed

on the PDMS layer to measure the deformation of the chambers from outside (Figure 6.2

(f)). The CAD drawings of the final actuator design and its corresponding molds and

PDMS layer can be found in Appendix A.
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Figure 6.2: Construction of RoSEv2.0. RoSEv2.0 is built utilizing custom-designed mold and hous-

ings, which are rapid prototyped via fused deposition of ABS plastic. (a) Room-

Temperature-Vulcanizing (RTV) silicone rubber material (Ecoflex 0030, Smooth-on,

USA) in its uncured state is poured into the housing, rod, and chamber-placeholder

assembly and left seated for vulcanization at room temperature. (b) After hardening

of the silicone rubber, the chamber placeholders are removed. (c), (d) Simultaneously,

the PDMS (SYLGARD 182, Dow, USA) outer layer is also cast and removed from

its molds in a similar manner. (e) Subsequently, the RoSEv2.0 conduit and the PDMS

layer are bonded together with an adhesive (Sil-Poxy, Smooth-On, USA). (f) With

the same adhesive, an array of TOF sensors is attached on top of the PDMS layer. (g)

Outer covers, pneumatic tubes, and tees are attached to RoSEv2.0 to assure that the

silicone rubber deformation occurs inwards.

For final RoSEv2.0 assembly, pneumatic tubes are inserted into the chamber inlets.

The final cover on each side of RoSEv2.0 and the clamps are put together to restrain

RoSEv2.0 actuation from moving radially outwards, ensuring that it is possible to obtain

a peristaltic profile (Figure 6.2 (g)).

The added pneumatic tube and tee fittings serve the inputs to individual chambers

in the robot. The whorls can be controlled to produce plenty of possible conduit
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geometries. Thus, RoSEv2.0 can be utilized for the application of endoprosthetic stent

testing and as a novel rheometric instrument.

To control the actuation of RoSEv2.0, each horizontal whorl of four chambers at each

layer is connected to an electro-pneumatic pressure valve (ITV-0030-3BS, SMC, USA)

such that RoSEv2.0 has 12 independent inputs. The valves are connected to an interfacing

Analog to Digital Converter (ADC) (MAX11605; MaximIntegrated, San Jose, CA) and

Digital to Analog Converter (DAC) (AD8802; Analog Devices, Norwood, MA) board,

interfaced with a Raspberry Pi 4 Model B. The Pi communicates over Serial Peripheral

Interface (SPI) and Inter-Integrated Circuit (I2C) with the DAC and ADC, respectively, to

perform assertion and feedback measurement.

Before implementing MPC, custom firmware protocols, written in Python 3.7, are

developed on the Pi to actuate the robot in open-loop, with continuous, independent

variable pressure trajectories. The firmware protocol is divided into two sub-protocols:

(a) symmetric actuation, and (b) peristaltic actuation protocols for time-series data

acquisition from the TOFs and VPSs, to generate the DTSINDYC model of RoSEv2.0. While

the former protocol is used for concurrent inflation and deflation of the RoSEv2.0 conduit,

the latter is applied for generating spatiotemporal waves. An in-depth analysis of both

protocols is discussed in [159]. By utilizing both protocols, training and validation data

for DTSINDYC modeling are collected to derive and test M1 to M4.

6.4 tof sensor embedding and calibration in rosev2 .0

This section includes a discussion on the methodology for TOF sensors implantation

and calibration in RoSEv2.0. To sense the RoSEv2.0 chambers’ deformation at side S1, 11

TOF sensors are attached to the PDMS casing. With the aid of Insulation-Displacement

Connector (IDC) connectors and ribbons cables (Figure 6.2 (g)), the TOF sensors are

connected to a custom-built I2C expander (MCP23018, Microchip, USA) board, which is

connected to Pi.

To calibrate the TOF sensors, all layers of RoSEv2.0 are inflated with baseline pressure so

that the conduit remains at its nominal diameter (20 mm). Since all the TOF sensors carry

the same I2C address; thus, the I2C expander chip is used to change all TOF addresses

so that individual communication with each TOF can be established (Figure 6.3). The

expander is used to control the resetting of the TOF sensors, and polling of each TOF

sensor is done to get their respective data. By sending commands to the expander from

the Pi, the TOF at layer L1 of RoSEv2.0 is taken out of reset, and a new I2C address is
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Figure 6.3: Flowchart explaining TOF sensors I2C address change and calibration. Initialize

RoSEv2.0 actuation protocol and change the I2C address of TOF. With zero conduit

displacement settings in the actuation protocol, determine the range-offset and

crosstalk calibration values and adjust the TOF settings accordingly. With the up-

dated settings, validate the TOF readings for various conduit deformations. Once

satisfactory values of range-offset and crosstalk calibration are obtained and loaded

in the TOF, then proceed to the webcam calibration. Repeat the entire procedure for

all the TOF sensors.

loaded. The entire process is repeated until all the TOFs are initialized with a new and

separate address.

After changing the addresses, the TOFs are calibrated for range offset and crosstalk,

since the TOFs are operating through the PDMS (Figure 6.3). The calibration of each TOF

is validated by inflating the RoSEv2.0 for zero, half, and full conduit closure (using the

symmetric actuation protocol). The above steps are repeated until the calibration was

satisfactory.

Once offset and crosstalk values for each TOF are fixed, the TOFs are further calibrated

with a webcam (C922, Logitech, Switzerland) by implementing the Python OpenCV

CSRT tracker algorithm (Figure 6.4). For webcam calibration, two hemispherical 4 mm

retroreflective markers are placed. The first marker is placed on the outer cover of side

S1 (Figure 6.4 (a)). The second retroreflective marker is placed subsequently in each



146 nonlinear model predictive control of rosev2 .0 using discrete-time sindyc

Webcam

RoSEv2.0

Retroreflective
 marker

Bounding
box

(a) (b)
x

y

Reference 
marker 
location

S1

Outer 
cover

Figure 6.4: Top and front view of webcam-RoSEv2.0 setup for final TOF calibration. For webcam

(C922, Logitech, Switzerland) calibration, two hemispherical retroreflective markers

(4 mm radius) are placed, such that the first marker is considered for reference and

another for tracking. By using the Python OpenCV CSRT tracker algorithm, the

markers are tracked, and the initial displacement per unit pixels between the two

markers is used to determine the second marker displacement from the first marker

while moving.

layer of RoSEv2.0, and both TOF and webcam measurements are taken simultaneously by

inflating the RoSEv2.0 chambers with the peristaltic actuation protocol. The time-series

measurements are compared to determine additional offsets and scaling factors.

6.5 defining rosev2 .0 states for dtsindyc

This section explains the concept of RoSEv2.0 discrete states, which are employed for the

DTSINDYC algorithm. The measured RoSEv2.0 conduit displacement data at the center of

each air pressure chamber of side S1 are considered as the states of RoSEv2.0. Since the

robot has 12 layers; thus, 12 states can be defined. The Power Spectral Density (PSD)

analysis conducted in [157] observed that the governing dynamics of RoSE remain

similar throughout the conduit, and at least three layers are required to generate a

peristaltic profile so three discrete states xk,1, xk,2, and xk,3 corresponding to layer L5,
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Figure 6.5: Sectional view of RoSEv2.0 for defining its states. The displacement measurement

taken by each TOF from side S1 is considered as the system state for model M1 and

M3.

L6, and L7 are defined (Figure 6.5). Each state represents x-axis conduit displacement

at L5, L6, and L7 of S1, respectively. Although, with the inflation of the chambers the

conduit thickness t (Figure 6.5) decreases, but to simplify the model it is assumed that

the conduit thickness remains unchanged throughout its deformation. Additionally,

it is also considered that the deformation of the adjacent chambers in each layer is

symmetric, and displacement along y and z-axis are negligible [157].

6.6 discrete time sindyc

This section describes the discretized version of SINDYC, and in this thesis it is referred to

as Discrete Time Sparse identification of Nonlinear Dynamics with Control (DTSINDYC).

Additional details about the Sparse identification of Nonlinear Dynamics (SINDY) and

SINDYC algorithms are discussed in Section 2.5.5.2 and Section 5.7.

The original SINDYC algorithm can be extended to discrete-time dynamical sys-

tems, represented by (6.1) [135]. There are two primary reasons for implementing the

DTSINDYC over the conventional one. Firstly, the calculation of a derivative from noisy
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data is not required for the DTSINDYC algorithm, which is a significant advantage over

its continuous-time counterpart. Secondly, a discretized model of RoSEv2.0 is necessary

for the implementation of MPC.

The data collected from the VPS or the TOF (x1,k, x2,k, and x3,k, Figure 6.5) sensor are

arranged into two m× n matrices Xm
1 , Xm+1

2 . Likewise, the input data are stored in an

m× l matrix U.

Xm
1 =


−xT

1−

−xT
2−
...

−xT
m−

 , Xm+1
2 =


−xT

2−

−xT
3−
...

−xT
m+1−

 , and U =


−uT

1−

−uT
2−
...

−uT
m−

 (6.3)

3 xq = [xq,1, x2,q, · · · , xq,n]
T, uq = [uq,1, u2,q, · · · , uq,n]

T

In (6.3), m, n, and l represents the number of samples, state variables (xk,1, xk,2,

and xk,3, n = 3), and inputs, respectively. In this research, the number of inputs is

considered equal to the number of outputs (l = n), where inputs and outputs are

analog voltage values applied to the valves and TOF or VPS measurements, respectively.

The DTSINDYC algorithm implements a library of candidate functions matrix Θ of order

m× p, consisting of constant and polynomial (of different order) terms. The library

matrix Θ can be defined as:

Θ(Xm
1 , U) =

[
1 Xm

1 U Xm
1 ⊗ Xm

1 Xm
1 ⊗U · · ·

]
(6.4)

where, Xm
1 ⊗U defines all the possible product combinations of the components of X

and U.

Each column of Θ(Xm
1 , U) represents the potential candidate for the final right-hand

side expression for (6.1). There is an enormous opportunity for decision in building the

library function of nonlinearities. Thus, the system in (6.1) can be written as:

Xm+1
2 = Θ(Xm

1 , U)Υ (6.5)

where Υ = [υ0, υ1, · · · , υn−1] is a sparse matrix of coefficients of order p× n such

that the sparse vectors {υi}n−1
i=0 , lie in the subspace of Rp. The sparsity of υi selects the

active terms from Θ(Xm
1 , U) to identify the gi of xk+1,i = gi(xk, uk) in (6.1). Since only a

few of the candidates will appear in the row of g in (6.1), a sparse regression problem

can be defined as:
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arg min
υi

E = arg min
υi

{
1
2

∥∥∥(Xm+1
2,i − Xm

1 υi)
∥∥∥2

2
+

1
2

λ ‖υi‖2
2

}
(6.6)

where, Xm+1
2,i is the ith column of Xm+1

2 such that each υi determines a state equation

from (6.1), which is associated with a specific TOF or VPS of RoSEv2.0. Sequentially

Thresholded Least Squares Regression (STLSR) (Section 2.5.3.5) is used to solve (6.6).

After the determination of Υ, the ith row of g can be written as:

xk+1,i = gi(xk, uk) = Θ(xT
k , uT

k )υi = υi
TΘ(xT

k , uT
k )

T (6.7)

where Θ(xT
k , uT

k ) is now a vector of symbolic functions of states in xk and input uk.

The overall DTSINDYC model of RoSEv2.0 can be written as:

xk+1 = g(xk, uk) = ΥTΘ(xT
k , uT

k )
T (6.8)

The DTSINDYC model in (6.8) reveals the underlying dynamics of RoSEv2.0 in the form

of DTDEs.

6.7 model predictive control theory

This section outlines the MPC theory [158] applied for the implementation for RoSEv2.0

(Figure 6.6, Figure 6.7). The MPC is also known as the receding horizon control since the

prediction horizon in MPC keeps being shifted forward at every time step (Figure 6.6).

The optimization in the MPC is perfomed over a receding prediction horizon.

At jth time instant, the MPC applies a reference signal x(re f )
j to the CFM block (Fig-

ure 6.7). The CFM block minimizes a cost function J over a prediction horizon Np

(red dashed box in Figure 6.7). The output of the CFM is either used as an input

to the valves or DTSINDYC model (M1, · · · , M4, Table 6.1). Since the model in MPC

is used for prediction; thus, the model output at any instant j is denoted by x̂(re f )
j .

Between j and j + 1 time step, the Single Pole Double Throw (SPDT) switch S1 is set

to the DTSINDYC model whose output is used to calculate a set of optimal control

values u.|xj
:= {uj+1, · · · , uj+k, · · · , uj+Nc} over a control horizon Nc. The behavior of

RoSEv2.0 over Np is estimated by its model. To determine the sequence of estimations

{x̂j, x̂j+1, · · · , x̂j+k, · · · , x̂j+Np−1}, S2 is initially set to the RoSEv2.0 TOF or VPS for x̂j and

then to the model output for the subsequent predictions. Nc is generally less than or



150 nonlinear model predictive control of rosev2 .0 using discrete-time sindyc

j j+1 j+2 j+3 j+Nc-1 j+Np-1

Prediction horizon

Control horizon
Reference

Predicted
 output

Control input
 sequence

FuturePast

Figure 6.6: Illustration of receding horizon control. At present time-instant j and within the

prediction horizon Np (red dashed-line rectangle), the control input series (blue

lines) is optimized to drive RoSEv2.0 to the reference (red line). The first control input

in the series is applied to RoSEv2.0. At next instant j = j + 1, the prediction horizon is

shifted by a one-time unit (yellow dashed-line rectangle), and the entire procedure

is repeated.

equal to the Np. If Np > Nc, then u is assumed constant thereafter. Next, when the CFM

algorithm has solved for the best input, S1 is moved to the valves and first control value

uj+1 is applied to the valves. At next time instant j + 1, the computation is repeated

with horizon moved by one time-step (yellow dashed box in Figure 6.7). The implicit

control law for each time-step is given by (6.9). The cost function optimized by the CFM

block at each time-step can be written as:

arg min
u.|xj

J(xj) = arg min
u.|xj

{
Np−1

∑
k=0
‖x̂j+k − x(re f )

j+k ‖
2
Q+

Nc−1

∑
k=0

(
‖uj+k‖2

Ru
+ ‖uj+k − uj+k−1‖2

R∆u

)}
(6.9)
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Figure 6.7: Block diagram of DTSINDYC-MPC explaining its functional description. The Cost Func-

tion Minimization (CFM) block receives the reference input x(re f )
j , present and future

predicted RoSEv2.0 outputs x̂(re f )
j to deliver the optimum control law u to RoSEv2.0.

The DAC with a resolution of 0.02 V generates an analog voltage corresponding to

the input digital value.

s.t. x̂j+k = g(x̂j+k−1, uj+k−1), such that g : Rn ×Rn → Rn (6.10)

ulb ≤ uk ≤ uub (6.11)

where, ‖x̂j+k − x(re f )
j+k ‖

2
Q =

(
x̂j+k − x(re f )

j+k

)
TQ
(
x̂j+k − xref,j+k

)
(6.12)

At every iteration (time-step) j, CFM minimizes the J in (6.9). The leftmost term in (6.9)

penalizes the root mean square deviations of the RoSEv2.0 model predicted trajectory

x̂j+k (given by (6.10)), from the reference trajectory x(re f )
j+k . Control output sequence

uj+k and change in control output sequence
(
uj+k − uj+k−1

)
are also penalized by the

middle and the rightmost terms in (6.9), respectively. The range of uk at every iteration

of MPC is constrained by control bounds (ulb and uub, (6.11)). In (6.9), the weight matrix

Q is positive semi-definite and matrices Ru and R∆u are positive definite.
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The MPC implemented for RoSEv2.0 follows a step by step process, where the DTSINDYC

models of the RoSEv2.0 for symmeteric and persitaltic actuations are discovered first.

After the validation of the models, MPC was implemented in the RoSEv2.0. For best and

fast optimization, the MPC was tuned for various prediction horizon lengths, weight

matrices and control input bounds.

6.8 mpc design and implementation in rosev2 .0

This section ties together Section 6.3 to 6.7 in order to design and implement the MPC

in RoSEv2.0. In the domain of mathematics, the sinusoidal models for peristalsis are

widespread due to their intrinsic periodic description and their capability of taking

various sinusoidal waveform shapes depending on their parameters. The biological

peristaltic waves are typically modeled as per the sinusoidal waveform given by (6.13)

[160], [161].

H(x, t) =


ε if x < ct

ε + α
2

[
1− cos

(
2π x−ct

w

)]
if ct ≤ x ≤ (ct + w)

ε if x > (ct + w)

(6.13)

where,

ε minimum radius (mm)

x axial displacement (mm)

t time (s)

H(x, t) conduit’s radius as a function of x and t

α amplitude of the wave (mm)

c velocity of the travelling wave (mm.s−1)

w wavelength (mm)

Equation 6.13 is a modified version of the orginal equation described by [15], [160] to

incorporate the entire ascending half-cycle (full wavelength). By considering x = xd,

where xd is the axial adjacent chamber spacing (15 mm) and td = xd/c, the time-

dependent form of (6.13) can be written as

H(t) = ε +
α

2

[
1− cos

(
2π

t− td

w/c

)]
if td ≤ t ≤

(
td +

w
c

)
(6.14)
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Discretizing (6.14) with t = kTs and considering continuous time frequency fd = c/w,

(6.14) can be written as

H(k) = ε +
α

2

[
1− cos

{
2π fdTs

(
k− td

Ts

)}]
(6.15)

H(k) = ε +
α

2

[
1− cos

{
ω

(
k− td

Ts

)}]
if

td

Ts
≤ k ≤

(
td

Ts
+

1
Ts fd

)
(6.16)

where, discrete frequency ω = 2π
fd

Fs
and sampling frequency Fs =

1
Ts

The peristaltic waveform profile, given by (6.16) can be accomplished by controlling

time-varying pressure trajectories into the adjacent whorl of chambers simultaneously

(Figure 6.8). The pneumatic valves associated with each layer of RoSEv2.0 command the

pressure profile in each layer. The role of the MPC is to find out the optimal control law

in terms of digital values, which, when supplied to the valves, peristaltic wave shape,

defined by the parameters (c and w/2) of (6.16), can be achieved.

Next, three time-shifted versions of (6.16) for layer L5, L6, and L7 of RoSEv2.0 are

formulated as per (6.17).

x(re f )
k,n = Hk,n = Hn(k) = ε + α

2

[
1− cos

{
ω
(

k− (n− 1) td
Ts

)}]
(6.17)

if (n− 1) td
Ts
≤ k ≤ (n− 1)

(
td
Ts
+ 1

Ts fd

)
|n = 1, 2, 3

At a time-instant j, the MPC loop receives three present ({x(re f )
j,n = Hj,n|n = 1, 2, 3},

(6.17)) and a set of future reference signal values, and feedback value ({xj−1,n|n =

1, 2, 3}) from TOF sensors or VPSs located at layer L5, L6 and L7 of RoSEv2.0 (Figure 6.8).

By minimizing (6.17), the MPC loop generates three control values uj+1,1, uj+1,2 and

uj+3,3 , which are stored in the L2, L3 and L4 (L1 is not used) index of the accumulator.

The Algorithm 3 provides a brief pseudocode of the implemented MPC algorithm.

In the next iteration j + 1, a new set of control signals (uj+2,1, uj+2,2 and uj+2,3) are

generated and the earlier set of signals are right-shifted by three in the accumulator

(Algorithm 3). It takes 3q + 1 shifts (iterations) for uj+1,1, uj+1,2 and uj+1,3 to reach

L5, L6 and L7 respectively, where q is the number of time steps between the peaks of

consecutive reference signal given by discrete time delay q = btd/Tsc of (6.16). If c = 20

mm.s−1, xd = 15 mm w = 120 mm and Ts = 0.1 s, then td = 0.75 s, fd = 1/6 s−1 and

q = 7. Here, Ts is the time taken by an MPC loop to complete one cycle, which can

vary upon conditions like reference signal complexity, prediction horizon and input
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Figure 6.8: Block diagram of DTSINDYC-MPC design and implementation in RoSEv2.0. Before

initiating the MPC loop, the Raspberry Pi communicates with the I/O expander and

changes the TOF addresses. The CFM in MPC loop starts with initial values of u0, x0

and x(re f )
0 to determine optimal value of u. The minimized u is passed through an

accumulator Ac, which sends the values to the DACs. The DACs control the pressure

inside the air chambers, and their corresponding TOF readings are fed back to the

MPC loop (green arrows).

bounds. With this kind of approach, the MPC has been made robust to adapt for various

peristalsis waveform speeds and wavelengths. The only downside to this approach

is difficulty in achieving higher wave speeds if Ts increases. The entire MPC setup of

RoSEv2.0 is shown in Figure 6.9.
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Algorithm 3 Pseudocode of the RoSEv2.0. MPC.

1: Initialize MPC parameters, x(re f ), Ac, {u = u0|u ∈ Rn×Np}, x = x0.

2: Initialize RoSEv2.0 parameters, and I2C expander.

3: Change TOF address and load calibration data.

4: Initialize TOF online filter and time t.

5: for j in range(x(re f ).shape[1]− Np + 1) do . MPC loop

6: x(re f )
temp ← x(re f )[:, j : j + Np] . Storing x(re f ) from jth to j + Np

th time-instant.

7: uj ← uj. f latten()

8: for b in range(n) do . Setting individual bounds for the three reference inputs.

9: if x(re f )
temp [b, 0] ≥ cb,1 then

10: set lbb, ubb

11: else if x(re f )
temp [b, 0] ≥ cb,2 and x(re f )

temp [b, 0] < cb,3 then

12: set lbb, ubb

13: else

14: set lbb, ubb

15: end if

16: end for

17: bounds← [(lb0, ub0), (lb1, ub1), (lb2, ub2)] . Storing the bounds in a list.

18: uj+1 ← arg min
u.|xj

J(xj) . Minimizing (6.9), subject to (6.10), and (6.11).

19: Ac >> 3, store Ac[p] = uj,p|p = 1, 2, 3 and apply Ac values to RoSEv2.0

20: xj+1 ← RoSEv2.0 TOF or VPS filtered output

21: Store t, xj+1, uj+1

22: end for

6.9 results

6.9.1 TOF Calibration with Webcam

The results presented in this section are associated with Section 6.4. For webcam

calibration, two hemispherical retroreflective markers (MCP1130, OptiTrack, USA),

were placed on the outer cover of S1 and center of L5 of RoSEv2.0 (Figure 6.4). The first

marker was used for reference, and the second one was used for tracking. The initial

space between the two markers was used to provide the resolution in terms of distance

per pixel.
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Figure 6.9: Complete setup of RoSEv2.0. RoSEv2.0 is kept in a supine position. A webcam is

placed for the TOF calibration. A series of pneumatic valves corresponding to each

RoSEv2.0 layer is interfaced with a Raspberry Pi 4 Model B through an ADC and DAC

board, which is connected to the Raspberry Pi. The I2C expander board is used for

changing the addresses of the TOFs so that each TOF ! (TOF !) can be communicated

individually.

RoSEv2.0 was actuated with five peristalsis cycles for determining the L5 TOF offset

and scaling factor to match the webcam readings. Both webcam and TOF data were

recorded, mean displacement over the five cycles was calculated, and the corresponding

offset and scaling factors were determined. The entire procedure was repeated by
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Figure 6.10: Plots illustrating the comparison of the webcam and TOF calibrated measurements

for layer L5, L6, and L7.

relocating the second marker at L6 and L7, subsequently. By comparing with the

webcam measurements, offsets −23.0± 1.5, −73.0± 1.0, and −69.0± 1.0 and scaling

factors 0.62± 0.05, 0.62± 0.01, and 0.27± 0.02 were found for the TOFs located at L5,

L6, and L7, respectively. After adding the offsets and multiplying the scaling factors to

the TOF readings, the solid blue line plots in Figure 6.10 were obtained.

In Figure 6.10, it can be seen that the peristalsis profile of displacement, during the

chamber inflation, captured by the webcam and the TOF sensors matches up to k = 40,

but during the deflation stage, the profile mismatch occurred. The mismatch transpired

because the webcam and TOF measurements were conducted in a different frame of

reference. While the former measurements have been taken in the Lagrangian frame of

reference, the latter used the Eulerian reference frame.
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6.9.2 DTSINDYC Models for Symmetric Actuation

In this section, single layer RoSEv2.0 DTDE modeling and its results are presented with

the method discussed in Section 6.6. For applying the DTSINDYC, RoSEv2.0 was actuated

with a combination of different staircase trajectories (Figure 6.11 (a)), and data from

TOF and VPS was collected (black dashed line, Figure 6.11 (b) and (c), respectively). The

gathered dataset covered the entire RoSEv2.0 actuation domain (i.e., displacement and

chamber pressure at various pressure inputs) to generalize the robot model, such that

the collected dataset size is 31000× 1 (Figure 6.11 (a)). With a training data size of

m = 2200 (i.e., 7% of the entire dataset) and n = 1, it was found that model M1 and M2

discovered by the DTSINDYC algorithm, can generalize the complete dataset (solid line,

Figure 6.11 (b) and (c)).

Simulation on the entire dataset was performed to validate the models. The result

reflects the fact that the performance of the DTSINDYC algorithm is efficient in revealing

the underlying dynamics from a low dataset (orange color, Figure 6.11 (b) and (c)).

The findings are in line with that of Kaiser et al. [158], who reported the suitability

of SINDYC to yield highly predictive models in case of limited data availability. The

discovered models M1 and M2 for TOF and VPS data, respectively can be represented

by the following DTDEs.

M1 : xk+1 = −0.064 + 1.001xk + 0.032uk + 0.001uk
2 (6.18)

M2 : xk+1 = +7.056 + 0.882xk + 0.159uk + 0.002xkuk (6.19)

The recorded output from the VPS exhibited noisy data in the absence of an output

filter (Figure 6.11 (b)). Irrespective of the noise, DTSINDYC robustly predicted the state

with great accuracy. The algorithm was able to manage the bias-variance trade-off

adequately to deliver a precise fit to the data. To emphasize the versatility of DTSINDYC,

it is important to note that the procedure followed to built and validate M2 is the same

as M1, except that the data for the respective models were collected from different

sensors.

To further evaluate the performance of the models, one, four, and eight-step ahead

predictions were performed and compared with the actual output of RoSEv2.0 (Fig-

ure 6.12 (a)). From Figure 6.12 (b), it can be observed that with the increase in the

prediction horizon, the normalized prediction error ek, calculated by Equation 6.20, also

increased, especially during the rise and fall of the input levels.
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Figure 6.11: Plots illustrating the training and validation of models M1 and M2. (a) The staircase

waveform represents the analog voltage applied to the pneumatic valve at L5 to

generate the VPS and TOF output in (b) and (c), respectively. The orange and blue

color represents the training and validation dataset, respectively. (b) and (c) The

dashed black line shows the model M1 and M2 outputs, compared with actual VPS

and TOF outputs, respectively.

ek =
1

Ndata

∥∥∥x(actual)
k − x(predicted)

k+Np

∥∥∥2
| k = 0, 1, · · · , (Ndata − Np) (6.20)
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Figure 6.12: Comparison and error response of one, four, and eight-step ahead prediction of

M1. (a) Model M1 predictions are compared with the actual TOF response (dashed

black line). (b) Normalized prediction error response ek.

6.9.3 DTSINDYC Models for Peristaltic Actuation

In this section, three layer RoSEv2.0 conduit DTDE modeling and its results are presented

with the method discussed in Section 6.6. To apply DTSINDYC, layer L5, L6, and L7 of

the conduit were actuated with time-shifted staircase waveforms of varying amplitude

and time (Figure 6.13 (a)). It was found that to profile the conduit as per (6.17) with

different waveform speed and diameter; the conduit layers must be actuated with the

waveforms as mentioned earlier. The amount of time-shift governs the speed of the

peristalsis in RoSEv2.0 and the range of the peristalsis speed was obtained from the

RoSEv2.0 articulography results presented by Dirven et al. [15].

A dataset of size 4350× 3 comprising various amplitude and time-shifted staircase

waveform levels (Figure 6.13 and Figure 6.14 (a)) and their respective TOF and VPS

output was collected (orange and blue waveforms in Figure 6.13 and Figure 6.14 (b) to

(d)). Again it was found that model M3 and M4 given by (6.21) and (6.22), respectively

generalize the entire dataset (black dashed-line plots in Figure 6.13 and Figure 6.14

(b) to (d)) with a fraction of noisy training data (m = 500 and n = 3), which further

confirms the robustness of DTSINDYC modeling with low and noisy data availability.
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Figure 6.13: Plots illustrating the training and validation of model M3. (a) The input voltage

applied to the L5, L6 and L7 valves to generate the output dataset shown by blue

and orange plots in (b) to (d). (b) to (d) The dashed black line represents the

one-step ahead prediction of M3.

M3 :


xk+1,1

xk+1,2

xk+1,3

 =


0.847 0.041 (−0.010− 0.016xk,2)

0.023 0.839 (−0.174− 0.020xk,2)

0 0 0.913




xk,1

xk,2

xk,3

 (6.21)

+


0.051 0.019 −0.009

0.011 0.054 −0.020

0 0.022 +0.022




uk,1

uk,2

uk,3

−


0.572

0.374
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Figure 6.14: Plots illustrating the training and validation of model M4.

M4 :


xk+1,1

xk+1,2

xk+1,3

 =


0.946 −0.037 −0.017

0.112 0.917 −0.030

0.173 0.837 −0.128




xk,1
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xk,3

 (6.22)

+


0.026 0 0

0 0 0

0 −0.128 0.152
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6.9.4 MPC Performance Testing

6.9.4.1 With M3

The results presented in this section are associated with the theory and methodology

presented in Section 6.7 and 6.8. The control performance of the implemented MPC with

model M3 was estimated in terms of Root Mean Square Error (RMSE) (mm) and total

execution time (s) taken by the MPC algorithm to stop. Both the performance indicators

were evaluated by varying the prediction horizon Np from one to eight, keeping the

control horizon Nc = Np. The evaluation was done prior to the tuning of the control

bounds.

To compare the MPC performance of Np > 1 with Np = 1 (single-step ahead predic-

tion), the RMSE for Np = 1 was subtracted from RMSE of all Np. From Figure 6.15 (a),

it can be seen that rmse1, rmse2, and rmse3 decrease up to Np = 4, where rmse1, rmse2,

and rmse3 are the root mean square error between the reference displacement signals

(x(re f )
1 ,x(re f )

2 , and x(re f )
3 ) and the RoSEv2.0 TOF outputs (x1, x2, and x3) in response to the

optimized control law (u1, u2, and u3). Since the RoSEv2.0 conduit diameter is 10 mm so

a slight increment in the error (> 0.4 mm) will cause a significant impact on the MPC

performance.

After Np = 4, all the errors tend to increase or slightly decrease with an increase of

Np. From Figure 6.15 (b), it can be observed that the execution time drastically goes up

as Np increments. Hence, Np = 4 was chosen for the prediction task in the implemented

MPC for all models since no significant difference in the MPC performance was found

for Np > 4.

After selecting a suitable prediction horizon and tuning the control bounds, the per-

formance of MPC (with model M3 for prediction) implemented for peristaltic actuation

was tested for reference time-series peristalsis waves (x(re f )
1 , x(re f )

2 , and x(re f )
3 ) of speed

20 mm.s−1, wavelength 75 mm, and amplitude 5, 7.5, and 10 mm (solid line orange

plot, Figure 6.16 (a) to (c)). The waves were generated based on the average MPC loop

iteration time of Ts = 0.15 s.

In Figure 6.16 (a) to (c), it can be seen that the three RoSEv2.0 states (x1, x2, and x3 cor-

responding to L5, L6, and L7) tracked the prescribed peristalsis trajectory satisfactorily

when actuated with the MPC generated control signals (u1, u2, and u3 of Figure 6.16 (d))

for the pneumatic valves. It can also be observed that the accuracy of the tracking is

far better while inflating the chambers than deflating, which is not a matter of concern
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Figure 6.15: Estimation of control performance of M3 with different prediction horizon Np. (a)

RMSE between the RoSEv2.0 controlled output and MPC reference input is calculated

and plotted with Np. (c) Plot showing the total execution time of MPC with the

change of Np.

because the inflation of the chambers provides shape to the bolus tail and pushes it

forward. Hence, half reference wavelength was achieved successfully.

6.9.4.2 With M4

By following a similar procedure, MPC was also implemented with M2 to prove its

capability of incorporating a model built on VPS collected data. In this case, the reference

signal denotes the air pressure (orange plots in Figure 6.17 (a) to (c)), which the

pneumatic valves were required to follow. The VPS signal was used as feedback to the

MPC, resulting in control of air pressure inside the RoSEv2.0 chambers (Figure 6.17 (a) to

(d)).

6.9.4.3 With M1

Likewise, MPC (with model M1) implemented for symmetric actuation was examined

for holding the conduit radius at different levels from 0 to 5 mm (Figure 6.18 (a) and (b)).

Again, it can be seen that the MPC performance during inflation is better as compared

to the deflation. An implication of such inconsistency is the possibility that the accuracy



6.9 results 165

0 1 0 0 2 0 0 3 0 0 4 0 0 5 0 0 6 0 0

Discre te  time  ste ps j

1 5

5

5

1 5
D

is
p

la
ce

m
e

n
t 

(m
m

)

x (ref )
1 x1

0 1 0 0 2 0 0 3 0 0 4 0 0 5 0 0 6 0 0
1 5

5

5

1 5

D
is

p
la

ce
m

e
n

t 
(m

m
)

x (ref )
2

x2

0 1 0 0 2 0 0 3 0 0 4 0 0 5 0 0 6 0 0
1 5

5

5

1 5

D
is

p
la

ce
m

e
n

t 
(m

m
)

x (ref )
2 x33

0 1 0 0 2 0 0 3 0 0 4 0 0 5 0 0 6 0 0
5

1 5

2 5

3 5

4 5 u1 u2 u3

(a)

(b)

(c)

(d)

MPC plots with M3

D
A

C
 V

ol
ta

g
e 

(V
)

0.02
x

Figure 6.16: MPC performance results with model M3. The orange plots in (a) to (c) represent

sinusoidal waveform trajectories of various amplitudes, applied to the MPC for

reference for RoSEv2.0 L5, L6, and L7. The dashed black line represents the response

of the TOFs concerning the control applied by the MPC, shown in (d).

of the predictive models is better during inflation. Additionally, the control bounds

were tuned by keeping the inflation under consideration.

6.9.4.4 With M2

For the implementation of MPC to control identical pressure distribution throughout the

RoSEv2.0 conduit, model M2 was used. Instead of using a staircase reference pressure

trajectory, a square wave trajectory (orange plot in Figure 6.19 (a)) was prescribed to
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Figure 6.17: MPC performance results with model M4.

the MPC. After optimization, the MPC sends commands (Figure 6.19 (b)) to the DACs,

leading to air pressure control (black-dashed plot in Figure 6.19 (a)) in a square wave

manner throughout the RoSEv2.0 conduit. Figure 6.19 (c) provides the cost function value

in each iteration of MPC.

6.9.5 Application of MPC in stent migration testing

A starch-based fluid thickener (Nutulis, Nutricia, Schiphol, NL) was used to replicate the

masticated boluses throughout the experimentation. This product is one of the prevalent

thickeners used for diseases associated with malnutrition and patients suffering from

dysphagia in a clinical setting [162]. Additionally, the thickener is amylase resistant,
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Figure 6.18: MPC performance results with model M1. (a) The orange staircase waveform pro-

vides the reference trajectory, in which each amplitude value corresponds to the

RoSEv2.0 conduit radius. The blue plot gives the RoSEv2.0 TOF response. (b) The

orange staircase wave represents the control input to RoSEv2.0.

ensuring that the food bolus consistency remains unchanged after contact with saliva,

making it a perfect choice for bolus modeling.

Boluses were formulated by mixing 1, 2, and 3 scoops with 200 ml of water to

cover syrup, custard, and pudding-like consistencies, respectively [15]. The associated

concentrations and viscosities are given by Table 6.2. The thickener powder was thor-

oughly mixed with water, and after mixing, was left to stand for an hour to leave

the starch granules to mix with water properly and achieve a stable structure. The

non-Newtonian effect of all the bolus formulations led to shear thinning behavior, and

thus, the peristalsis wave speed will affect the bolus viscosity.

By using peristaltic actuation protocol with 50 peristalsis cycle, stent (stent A, Sec-

tion 3.4) migration experiments with bolus (Table 6.2) swallow were performed on

RoSEv2.0. The applied methodology for performing the experiments has been discussed

in Section 3.6 (Figure 3.7 (c)). The actual setup is shown in Figure B.1. From Figure 6.20,

it can be observed that with the increase in bolus concentration, the migration slightly

increases. The obtained results are in line with the results presented in Section 3.7.2 in

which the experiments were conducted in an open-loop manner. Due to the absence of
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Figure 6.19: MPC performance results with model M2.

Table 6.2: Characteristics of the starch-thickened food boluses.

Consistency
Scoop(s)/200 ml

water

Bolus

concentration (g.L−1)

Viscosity

(Pa.s) −1

Syrup 1 60 0.45± 0.2

Custard 2 80 1.2± 0.4

Pudding 3 100 3.0± 1.0

embedded sensing, the actual displacement of the conduit at any time instant was not

tracked. In stent implanted RoSEv2.0 experiments, the conduit displacement was con-

trolled by the MPC to ensure occlusion. Hence, implementing MPC has further enhanced

the application of stent migration testing in RoSEv2.0.
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Figure 6.20: Stent migration results with the change in bolus concentration conducted for 50

peristalsis cycles.

6.10 chapter summary

This chapter discusses the RoSEv2.0 design and fabrication and provide a deeper insight

into its embedded sensing capabilities, DTSINDYC modeling, and MPC. RoSEv2.0 was

developed to address the lack of sensing capability of RoSE. To design RoSEv2.0, one of

the outer casings of RoSE was replaced with a transparent PDMS layer, and an array of

TOF sensors were attached on top of it. The TOF array was used to measure the conduit

deformation at any instant of time, under RoSEv2.0 actuation. The TOFs were initially

calibrated for range-offset and crosstalk calibrations to work through the PDMS. Another

set of the calibration was performed on the TOFs by designing a custom-webcam motion

detection system.

After the calibration, RoSEv2.0 was actuated with symmetric and peristaltic actuation

pressure trajectories in an open-loop manner, and data from TOF and VPS were collected.

By applying DTSINDYC on the captured data, four models (M1, M2, M3, and M4) were

developed to design MPC. The designed MPC was performance tested on various refer-

ence trajectory profiles. Finally, MPC of RoSEv2.0 was applied to analyze endoprosthetic

stent migration for different bolus consistencies.





7
C O N C L U S I O N A N D F U T U R E R E C O M M E N D AT I O N S

7.1 research outcomes

Benign and malignant esophageal strictures cause swallowing impairment (dyspha-

gia) in patients who have esophageal cancer. Endoprosthetic stent placement and

introduction of dysphagia management food thickeners can provide immediate and

cost-effective therapy for patients suffering from dysphagia caused by esophageal can-

cer. After the procedure, the stents implanted in the patients are often associated with

an inadequacy known as stent migration, weakening their swallowing efficacy. Accord-

ing to the US FDA guidelines for Self-Expandable Metallic Stent (SEMS), compression

force, expansion force, corrosion, tensile strength, deployment, and dimensional testing

need to be performed on the stents to establish their substantial equivalence.

The stent Radial Force (RF) on the esophageal wall is a crucial stent design parameter

to minimize stent migration after implantation. However, due to limited Randomized

Controlled Trials (RCT) in patients, the stent design and stenting guidelines are still

unconstructive. Hence, for in vitro testing of endoprosthetic stents, a bio-mimicking

Robotic Soft Esophagus (RoSE) was developed. Many physical attributes of RoSE, such as

conduit length, diameter, peristalsis velocity, and conduit wall activation, are inspired

by the physiological features of the human esophagus. Hence, stents of various coatings

(Self-Expandable Plastic Stents (SEPSs), SEMSs, and biodegradable stents), cover patterns,

and flare shapes can be readily deployed in RoSE.

Unlike other control methods, Model Predictive Control (MPC) is renowned for

controlling nonlinear plants and its real-time capability to consider the plant constraints.

Application of MPC in the area of soft robotics is little to none since soft robots, like RoSE,

manufactured from soft elastomers, are challenging to model with classical modeling

approaches due to their high intrinsic deformation. With the evolution of Machine

Learning (ML) techniques, ML-based models, such as Discrete Time Sparse identification

of Nonlinear Dynamics with Control (DTSINDYC) models, have been incorporated within

the MPC for control of RoSE. As compared to other ML methods, DTSINDYC promotes

sparsity, requires less training data and execution time, and provides the underlying

171
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physics of the phenomenon where it is applied. Thus, DTSINDYC-MPC have provided a

robust framework for RoSE modeling and control.

The four objectives of this study have been accomplished, which include: 1) RoSE

capability in investigating stent RF and migration (Chapter 3) under food bolus swal-

low; 2) RoSE in vitro platform for studying the impact of stent implantation on food

bolus swallow efficacy (Chapter 4); 3) Sparse data-driven discovery of RoSE dynamic

differential equations (Chapter 5); 4) Design of RoSE nonlinear MPC for stent testing

(Chapter 6). The purpose of this chapter is to reemphasize the important outcomes and

contributions of this thesis, followed by a discussion of the research perspectives and

its direction for future work.

7.1.1 Validation of RoSE in Investigating Stent RF and Migration

The primary focus of this study was to determine whether RoSE is a suitable platform

for performing different stent-related measurements and testings (Chapter 3). One of

the significant qualitative characteristics of RoSE is its compliance, which makes it a very

suitable platform for deploying stents of various characteristics. In contrast to other

models, RoSE has a stack of regular and repeating layers of pneumatic hollow chambers,

arranged axis-symmetrically; hence, by controlling the air pressure in each layer, the

RoSE conduit diameter is varied over a range of 0 to 20 mm. The unique features of

RoSE, as mentioned earlier, made it a perfect choice for conducting compression and

expansion stent testing. Additionally, since RoSE mimics the human swallowing action;

thus, RoSE is capable of generating peristaltic waves, which was a requirement for

studying stent migration under food bolus swallow condition.

Experimental validation tests of stent A and B (mean radial stiffness of 1.55 ± 0.24,

3.13 ± 0.53 Nmm−1) were carried out to prove the application of RoSE in the field

of stent testing. The first two objectives of the study were to measure stent RF and

migration under various peristalsis and food bolus swallow conditions. To conduct

the experiments, stent A and B were implanted in the RoSE to measure their respective

RFs and the impact of RF on their migration was recorded for food boluses of various

concentrations (72, 108, 144 g.L−1). In the initial state of RoSE, stent A has reported

a low RF of 0.33 ± 0.01 N compared to stent B (18.22 ± 0.60 N), which results in a

higher stent A migration relative to stent B. The objective for proving the capability

of RoSE in performing stent RF and migration testing was achieved successfully. The

RoSE stent experimentation has provided a novel in vitro platform for stent design

testing, which, in the previous studies, has been performed on mechanical crimping
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devices.The results will also aid in the optimization of future stent designs to improve

the behavior of the stent during deployment and to mitigate migration.

7.1.2 RoSE Usability in Analysing Food Bolus Swallow Efficacy

To study the effect of the stent and its dysfunctionality on the Intra-Bolus Presssure

Signature (IBPS) in the RoSE, and further its impact on swallowing efficacy, endoscopic

manometry tests were performed on the RoSE with different peristalsis trajectories

(Chapter 4). Experiments were performed by introducing artificial saliva, synthetic food

boluses of starch thickened water, and implantation of stent A and B. It was found that

the presence of stiffer stent B has significantly reduced the IBPS from 4.15 ± 1.00 to 1.3

± 0.43 kPa. The results of the experiments have shown successful usability of RoSE in

performing food bolus swallow efficacy tests in the presence of stents.

The RoSE capability in investigating bolus swallow efficacy in the presence of stents

can provide the researchers with a deep insight into the stent patency and swallow

efficacy in the esophagus after stent implantation. Additionally, the study has been one

of the first attempts to examine parametric studies correlating stent implantation and

dysfunctionality on swallow efficacy.

7.1.3 Discovery of RoSE Data-Driven Differential Equations

The actuation of RoSE was modeled by discovering data-driven Differential Equations

(DEs) of RoSE (Chapter 5). The DE variables model the displacement of the RoSE conduit.

To discover the DEs, a Quarter-Robotic Soft Esophagus (QRoSE) model of RoSE was

developed, to visualize the deformation of the conduit. The deformation was recorded

by placing retroreflective markers, and the marker trajectories were recorded by using

optical motion capture.

After the collection of the datasets, x, y, and z-axis trajectories were considered as the

states of the QRoSE. Initially, Principle Orthogonal Decomposition (POD) was applied to

reduce the dimension of the dataset, and subsequently, the Optimal State Selection (OSS)

algorithm was applied to select the pivot states from the datasets. The reduced datasets

were then used to determine the DEs of RoSE by applying Sparse identification of

Nonlinear Dynamics with Control (SINDYC). The DEs were finally validated with the

results of articulography and capacitive sensor array experiments on RoSE, where the

DEs predicted conduit displacement up to 10 mm.
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The SINDYC modeling of RoSE has made several noteworthy contributions to the state

of the art. None of the previous studies have identified a parametric and structural

RoSE model. Additionally, unlike other ML models, the identified model is not a black-

box model, and it provides information about the underlying dynamics of RoSE. The

discussed method is not RoSE specific and can be extended to any other soft robotic

device, provided input-output datasets can be generated.

7.1.4 RoSEv2.0 Fabrication and Implementation of Nonlinear MPC

To enhance the capability of RoSE further, Robotic Soft Esophagus version 2.0 (RoSEv2.0)

was developed with an embedded sensing feature to measure its conduit deformation

(Chapter 6). The sensing capability comes from an array of Time of Flight (TOF) sensors

placed on top of a transparent Liquid Polydimethylsiloxane (PDMS) layer. The funda-

mental operating principle of RoSEv2.0 has been kept the same as RoSE. The ability to

measure the conduit deformation has made the design and implementation of MPC

possible (Chapter 6). The implemented MPC employs a DTSINDYC model for the pre-

diction of RoSEv2.0 future states, and the primary task of MPC is to control the conduit

deformation concerning the prescribed trajectory.

The integration of the TOF sensor array in RoSEv2.0 has extended its capabilities.

Additionally, with the aid of the integrated TOF sensors, the study has first attempted

to implement a closed-loop controller in RoSEv2.0. The methodology presented to

design the MPC can be extended to any other soft-robotic application provided the

SINDYC model can be generated. Hence, MPC was also implemented to control RoSEv2.0

air chamber pressure, and the procedure followed for the implementation remained

the same, except for the DTSINDYC models, which were identified on Valve Pressure

Sensor (VPS) data. Additionally, the MPC can now govern the peristalsis profile in RoSE,

which is a much-needed requirement for stent testing. Peristalsis waves of speed 20

mm.s−1, wavelength 75 mm, and amplitudes 5, 7.5, and 10 mm were successfully

generated by the MPC. Stent migration testing with different food bolus consistencies

was performed on RoSEv2.0 to prove that the capability of RoSEv2.0 has been enhanced,

after the implementation of the MPC.
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7.2 proposed future work

As no prior studies have been conducted on stents implanted in RoSE, and none of

the previous studies have implemented a data-driven closed-loop control strategy

for RoSE, several new research opportunities were identified throughout this study.

Considering the present research on RoSE, the study’s scope can be extended and

explored to enhance RoSE design, application, sensing, modeling, and control. Hence,

the research opportunities are envisioned as follows:

7.2.1 RoSE Design Improvements

1. In future work, artificial strictures in RoSEv2.0, of various shapes and sizes will be

fabricated by using Ecoflex 0030, which is also used for constructing the RoSEv2.0

conduit (Ecoflex 0030, Smooth-on, USA). By employing different silicone rubber

materials, striated and smooth muscle regions in RoSE can be created.

2. In the future, RoSEv2.0 will be devised to study the interaction of the stents

of various quantitative characteristics (such as shape, size and patterns) with

strictures of different shapes and sizes.

3. To validate the RoSEv2.0-stent interaction results for stent RF and migration, Finite

Element Modeling (FEM) will be considered in future. The model will be similar

to the FEM developed by Garbey et al. [45].

7.2.2 Actuation development and Additional Stent Testings

1. In the future, the limitation of the elongation of the stent along its axis, due

to RoSEv2.0 contraction outside its contact area, can be addressed by selecting a

pressure profile which can only pressurize the layers adjacent to the stent.

2. Studies that take stent corrosion and dimensional testing into account will be

conducted, under artificial saliva (Aquae Dry Mouth Spray, Hamilton) and bolus

I, II, and III (prepared from Altrix Rapid Thickener, Douglas Nutrition Ltd, New

Zealand).
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7.2.3 Embedded Soft Sensor Feature

1. In future, RoSEv2.0 with soft and flexible embedded sensing capabilities will be

developed, which will further enhance the measurement of stent RF, IBPS, and

migration. A flexible and stretchable capacitive sensor, constructed from carbon

black can be a good option for embedded sensing.

2. Additionally, an embedded sensor, which can measure the stent circumferential

stress on the conduit, can be a useful tool for measuring stent Hoop Force (HF)

and the RF.

7.2.4 MPC Design Improvements

1. In the future, the three input-output MPC can be distributed to control the top,

center, and bottom one-third of RoSEv2.0, respectively. By introducing reference

peristalsis trajectories of different wavelengths, speeds, and amplitudes, variations

of peristaltic profile can be achieved through the conduit length. This kind of MPC

design and implementation could be valuable for generating Primary Peristaltic

Wave (PPW), Secondary Peristaltic Wave (SPW), and Indentation Wave (IW), which

would mimic the biological peristalsis wave propagation in the esophagus as

discussed in Section 2.1.3. In the specific design, the center one-third of the robot

can be treated as the Region of Transition (ROT), where PPW shifts to SPW.

2. By applying Reduced-Order Modeling (ROM) techniques, an MPC can be devel-

oped, which can consider all the RoSEv2.0 inputs and outputs at the same time.

Singular Value Decomposition (SVD) on the 12 input-output datasets will project

the datasets to a subspace where fewer dimensions can represent the entire

dataset. In that subspace, if MPC is applied then better computational efficiency

can be achieved.
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