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Abstract

Identification of Mechanical Properties of Nonlinear Materials and
Development of Tactile Displays for Robotic Assisted Surgery
Applications

Siamak Arbatani, Ph.D.
Concordia University, 2016

This PhD work presents novel methods of mechanical property identification for soft
nonlinear materials and methods of recreating and modeling the deformation behavior
of these nonlinear materials for tactile feedback systems.

For the material property identification, inverse modeling method is employed
for the identification of hyperelastic and hyper-viscoelastic (HV) materials by use
of the spherical indentation test. Identification experiments are performed on soft
foam materials and fresh harvested bovine liver tissue. It is shown that reliability
and accuracy of the identified material parameters are directly related to size of
the indenter and depth of the indentation. Results show that inverse FE modeling
based on MultiStart optimization algorithm and the spherical indentation, is a reliable
and scalable method of identification for biological tissues based on HV constitutive
models.

The inverse modeling method based on the spherical indentation is adopted for
realtime applications using variation and Kalman filter methods. Both the methods
are evaluated on hyperelastic foams and biological tissues on experiments which are
analogous to the robot assisted surgery. Results of the experiments are compared
and discussed for the proposed methods. It is shown that increasing the indentation
rate eliminates time dependency in material behavior, thus increases the successful
recognition rate. The deviation of an identified parameter at indentation rates of V =
1, 2 and 4 mm.sec™! was found as 28%, 21.3% and 7.3%. It is found that although the
Kalman filter method yields less dispersion in identified parameters compared to the
variance method, it requires almost 900 times more computation power compared
to the variance method, which is a limiting factor for increasing the indentation

rate. Three bounding methods are proposed and implemented for the Kalman filter
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estimation. It was found that the Projection and Penalty bounding methods yield
relatively accurate results without failure. However, the Nearest Neighbor method
found with a high chance of non-convergence.

The second part of the thesis is focused on the development of tactile displays for
modeling the mechanical behavior of the nonlinear materials for human tactile per-
ception. An accurate finite element (FE) model of human finger pad is constructed
and validated in experiments of finger pad contact with soft and relatively rigid mate-
rials. Hyperfoam material parameters of the identified elastomers from the previous
section are used for validation of the finger pad model. A magneto-rheological fluid
(MRF) based tactile display is proposed and its magnetic FE model is constructed
and validated in Gauss meter measurements. FE models of the human finger pad
and the proposed tactile display are used in a model based control algorithm for the
proposed display. FE models of the identified elastomers are used for calculation of
control curves for these elastomers. An experiment is set up for evaluation of the
proposed display. Experiments are performed on biological tissue and soft nonlin-
ear foams. Comparison between curves of desired and recreated reaction force from
subject’s finger pad contact with the display showed above 84% accuracy.

As a complementary work, new modeling and controlling approaches are proposed
and tested for tactile displays based on linear actuators. Hertzian model of contact
between the human finger pad and actuator cap is derived and curves of material
deformation are obtained and improved based on this model. A PID controller is
designed for controlling the linear actuators. Optimization based controller tuning
approach is explained in detail and robust stability of the system is also investigated.
Results showed maximum tracking error of 16.6% for the actuator controlled by the
PID controller. Human subject tests of recreated softness perception show 100%

successful recognition rate for group of materials with high difference in their softness.
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Chapter 1

Introduction

Nowadays, development of tele-manipulation systems, e.g. robotic surgery, and
virtual reality (VR) technologies in various fields, necessitates to equip them with
improved interfaces (e.g., 3D vision and haptic feedback technology) which makes
the human adoption effort as minimum as possible. The haptic feedback technology,
which is introduced in the early 70s [1], is a touch feedback technology which takes
the advantages of both tactile and kinesthetic feedback systems.

Kinesthetic receptors located in the muscles and joints, and tactile mechanore-
ceptors located in the glabrous skin, are parts of the human somatosensory system
which percept the body motion and mechanical pressure or distortion respectively.

Traditional interfaces include visual feedback which is essential for a manipulation
task but not sufficient. Efforts have been made in this regard to add the sense of
touch to the human/machine interfaces. Accordingly, kinesthetic feedback is added

to these interfaces, which delivers the force and torque feedbacks to muscles, tendons



and joints [2]. As a result, kinesthetic feedback makes the physical or virtual presence
more immersive than only the visual feedback.

Although current kinesthetic feedback systems are mature and outperform human
in kinesthetic perception [3], the kinesthesia is only a part of the somatosensory
system, therefore it is not possible to render the complete sense of touch only by the
kinesthetic feedback. A schematic hierarchy of the somatosensory system is presented
in Fig. 1, which shows the kinesthetic and tactile feedbacks as sub-modality of the

somatosensory system.

Somatosensory system

[Kinesthetic feedback]

[ Tactile feedback ]

Haptic perception

Figure 1: Hierarchy of the somatosensory system.

To assess the shape, size, texture and softness of physical and virtual objects
which are necessary for accomplishment of complicated manipulation tasks in small
workspaces and virtual environments (VE), tactile feedback as the other modality
of the sense of touch, becomes necessary [4-6]. Impact of the tactile feedback in
manipulation tasks have been widely investigated. Literature survey illustrates the
effects of lack of the tactile feedback as underestimation of produced forces by muscles

[4] and even opposite perception of the forces in absence of the tactile feedback [5,6].



In tasks like grasping, the role of cutaneous receptors in adjusting the grip force is
accurately studied [6,7] and it is understood that in absence of the cutaneous or
tactile feedback, the preliminary models of objects are no longer updated during the
grasping task [6, 8].

Along with force perception, time synchronization and perception of transition
between various phases of mechanical manipulation events (grasping, holding and
discarding) are important. Mechanical events are determinant for control and plan-
ning of manipulation in human brain. Tactile feedback signals determine and cat-
egorize the various phases of mechanical events (actions) and mark the transition
between them. Therefore, lack of contact information makes it difficult for brain to
control the manipulation task smoothly. Contact information along with kinesthetic
and vision are needed to obtain the body state and structure during a manipulation
task [9,10]. Timing is also important in various phases of dexterous manipulation
tasks like grasping. It has been shown that lack of the tactile feedback affects dura-
tion of finger opening phase in grasping [11]. Elimination of tactile feedback prolongs
the finger opening phase, and impairs grasping control as a result. It can be con-
cluded that the tactile information is used in time optimization of various phases of
manipulations tasks [12]. One step outward, the tactile feedback is tied to the real
world activities, and is unavoidable component of human body’s feedback system for
dexterous movements.

State of the art research is mostly focused on critical applications of the tactile

feedback. For example, grasping and pulling of soft tissues and detection of under



tissue vessels and anomalies by palpation in current robotic surgery systems are not
satisfactory or even impossible due to the lack of tactile and kinesthetic feedbacks [13].
The issues due to the lack of force and softness feedbacks have been reported by
experienced robotic assisted surgeons and have been suggested that providing even
only force feedback would help in adjusting the forces applied on tissue during the
robotic surgery [13].

Considering higher risk, long term training with VR facilities for new surgeons
and exhausting operations due to continuous translation of hand movements only
by visual feedback in the robotic surgery, integration of tactile and kinesthetic feed-
backs (haptic feedback in general) to these devices would be the next step in this
field. In order to alleviate the limitations of current VR/human and robot/human
interfaces (including robotic assisted surgery, which is the main scope of this research
work), various types of kinesthetic and tactile displays have been proposed and devel-
oped which are able to produce various tactile and kinesthetic modalities in limited
workspaces with small instruments. Recently, integration of tactile and kinesthetic
feedback devices is proposed as well [14]. An integrated multilevel feedback system
consisting kinesthetic and tactile feedback beside three dimensional vision would be
an ideal solution to address the current unimodal feedback systems.

Stimuli applied to the skin during palpation and perception of shape, texture

and softness consists of a superposition of multiple components. Normal indentation



components stimulate slowly adapting type 1 (SA I) receptors!, vibration stimu-
lates rapidly adapting (RA) receptors® and lateral stretch stimulates SA II recep-
tors® [15-17]. An ideal feedback device should be able to stimulate all types of
mechanoreceptors in order to display spectrum of all the mechanical tactile modali-
ties. Among various tactile modalities, those related to normal indentation (e.g. form
and roughness) are of great interest for researchers of tactile feedback systems due
to the ability of softness and 3D shape perception. Softness and shape perception
are complex abilities which are originated from twisted kinesthetic and tactile per-
ceptions. Palpation during an open surgery is done by the surgeon for detection of
under tissue lumps and arteries. Therefore, it can be concluded that in the minimally
invasive and robotic surgeries (MIRS) lack of the softness feedback weighs more than

lack of the shape feedback.

LSA I receptors percept form and roughness on the skin.
2RA receptors percept flutter and slip on the skin.
3SA 1I receptors percept skin stretch.



1.1 Identification of Hyper-Viscoelastic Tissue by

Inverse Indentation Modeling

Chapter 2 of the thesis deals with identifying the soft hyperelastic* and hyper-
viscoelastic® constitutive model parameters by inverse modeling for use in FE mod-
eling of biological tissues. MultiStart (MS) global optimization method is employed
in the inverse modeling approach. The proposed method is tested on liver tissue as
well as polymer based foams with nonlinear deformation behavior.

In this work, to reduce complexity of biological tissue testing, parameters of a suit-
able strain energy function for tissue like hyperelastic closed cell foams are identified
in an inverse problem of indentation by employing a spherical indenter with relatively
large depth of indentations. Then the proposed method is tested on liver tissue using
a nonlinear HV material model. The problem is solved using MS global optimization
approach which determines multiple starting points for optimization and reporting
back the best locally optimal solution that it finds [18,19]. In MS approach, first,
map of objective function is produced and then the objective function is minimized
using a Nelder-Mead simplex algorithm with initial estimates which are determined
by minimum points in map of the objective function. Material parameters are then
identified and evaluated based on the assumption of no Poisson’s ratio effect and that

there is no friction between the indenter and the material itself. Two main phases

4Hyperelastic constitutive model corresponds to ideally elastic material for which the stress-strain
relationship is achieved from a strain energy density function. The hyperelastic material is explained
in detail in section 2.2.

SHyper-viscoelastic property is a combination of hyperelastic and viscous (time dependent) be-
havior. The viscoelastic behavior is explained in detail in section 2.3.



of the MS global optimization are presented in Figs. 2 and 3. Phase 1 is related to

evaluation of the parameter space and phase 2 is selective local optimization step.
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Figure 2: Flowchart of 15¢ phase of MS optimization for material parameter identification.
Output of the objective function is compared with a desired threshold error value (Eyp,).



Experimental ld I
Measurements alN) |,
( PEXP) Storage

Qij
(as starting point)

v

Local Optimization T
i=i+1

QoptimL
Ey

v

I
T
4

QoptimG = QoptimL

Figure 3: Flowchart of 2°d phase of MS optimization for material parameter identification.
The optimal point from local optimization (aoptimrz) with lowest optimization error value
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Validity of the assumptions are evaluated with the proposed method as well. Sen-
sitivity of the identified results to indenter size and indentation depth is studied and

effect of these two parameters on identification results are discussed in detail.

Background

For medical applications, such as surgical simulation and recreation of tactile infor-
mation during the robot assisted surgery and diagnostics, it is essential to obtain ac-
curately the mechanical behavior of biological tissues [20,21]. Soft tissues are nonlin-

early viscoelastic and are usually modeled by variants of strain energy function [22,23].



Strain energy functions generally comprise several of the material’s physical proper-
ties as well as parameters without any physical interpretation. Accurate identification
of these parameters is often a challenging task. To determine these parameters, stan-
dard mechanical tests such as tensile, compression, shear and volumetric tests along
with relaxation can be performed. Although these tests are repetitive, they require
exacting control on sample geometry and test conditions. Furthermore, especially
during the higher and maximum strain levels, physical restrictions may introduce
errors in the test results. For example, friction in the compression test and strength
of the adhesive at interface of the sample and loading plate during the shear test
may cause bulging and give rise to erroneous test results. Demand in the engineering
simulation field has led to utilization of optimization and state estimation algorithms
within the simulation softwares for the purposes of design optimization and parameter
identification by inverse modeling [24,25].

Inverse modeling allows conversion of observed measurements of a physical system
into constitutive parameters of its mathematical model [18]. Therefore inverse mod-
eling of a well-defined mechanical test on a suitable mathematical model would result
in acquiring optimum parameters which can be either standard material properties
or those that are difficult to measure, such as friction.

Within various mechanical tests, the indentation test is of special interest for the
parameter identification due to presence of intricate deformation. The indentation
simulates compression and shear modes of deformation in a given sample at the same

time [26]. Therefore, an inverse model of indentation test would guarantee parameter



retrieval through complex modes of deformation in such a sample. This is in contrast
with controlled tests which are designed for generating either a particular stress or
strain state in test specimens.

Inverse modeling, based on the indentation test, have been proposed and success-
fully employed for identification of linear and various nonlinear material models.

Nakamura et al. [27] introduced a technique based on the indentation test and
Kalman filter for state (parameter) estimation of functionally graded materials® (FGMs).
In this method, force or displacement of indentation is chosen as the parameters to be
measured, and unknown parameters of material model are chosen as the state vector
for the Kalman filter algorithm. To reduce computational cost, reference data source
were generated from the FE model of indentation test by varying materials model
parameters along with an interpolation algorithm. The Kalman filter algorithm es-
timates the optimum parameters of the material model and shows that there is only
minimal difference between the FE model and instrumented indentation experiment.
A similar procedure has also been successfully employed for identifying foam-based
nonlinear material parameters by conducting the indentation test [28]. Although this
method yields reliable material parameters, for material models with relatively higher
number of parameters, the ratio of accuracy over computational cost would decrease
because of the pre-evaluated and interpolated nature of reference data such as are

observed during noisy measurements.

6In material science, functionally graded materials are characterized by variation in substructure
or composition through bulk of the material.
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Chen and Diebels [29,30] have employed spherical indentation along with the gra-
dient based optimization algorithm for identification of hyperelasticity and viscoelas-
ticity in small deformations. They have used Mooney-Rivlin and Maxwell models
for modeling of the hyperelasticity and time dependency, respectively. They showed
effectiveness of this method by measuring mechanical properties of extremely thin
layers of viscoelastic polymers. Although the small deformation suffice for mate-
rial parameter identification, some applications require material properties in large
deformations such as tool tissue interaction in minimally invasive surgery. Severe
geometric nonlinearity in large deformations would require calibration of the material
model parameters in a broader range of deformation.

Zhang et al. [31] have thoroughly studied spherical indentation of hyperelastic
soft materials. They have examined various constitutive models and established re-
lations between the indentation load/depth and the initial shear modulus using the
Hertzian contact model. They have also investigated the possibility of measuring
other hyperelastic material properties using the inverse FE modeling, and existence,
uniqueness, and stability of the solution based on Hadamard inverse function theo-
rem [32]. They have shown that increasing the indentation depth may provide more

reliable evaluation on hyperelastic material model parameters.
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1.2 Real-time Soft Material Identification for Use

in Minimally Invasive Robotic Surgery

In Chapter 3 of the thesis, a novel realtime parameter identification approach is pro-
posed based on inverse finite element analysis and the mechanical test of indentation,
which is, furthermore, suitable for real-time implementation. The idea behind this
method is to calculate the mechanical parameters of tissue by using a parameter that
is easy to measure, namely the indentation force. Among other mechanical tests, the
indentation test is employed in this method due to its simplicity since only two pa-
rameters are measured and controlled. Also, because the indenter can be easily rolled
on the surface of the contacted material, it can be used for continuous palpation.

As previously mentioned, direct implementation of inverse FE modeling methods
are not practical for real time applications due to their high computation cost. Also,
the need for measured parameters ahead of the calculations is also a limiting factor
in real time applications. Therefore, in this research, pre-evaluated FE models are
employed in order to overcome computation time barrier of the inverse FE analysis, for
the application in real time parameter identification. Two methods are proposed for
optimal parameter search based on calculating of the variance during the indentation
and the Kalman filter method with its various parameter bounding algorithms. In
this research, the proposed methods are explained in detail and implemented in a
similar scenario to MIRS. Performance of the algorithms is evaluated statistically

and presented in several experiments.
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Background

Direct palpation in conventional surgery is fast, accurate and reliable for detecting
the shape or consistency of any biological infrastructure, compared to the indirect
feedback provided in current minimally invasive techniques that employs remote sen-
sory and visual devices [33]. Changes in the stiffness, or Young’s modulus, of soft
tissue are closely related to its pathological state [34,35] which can be quickly mon-
itored by the surgeon using his/her sense of touch during the direct palpation. For
instance, palpation is a standard monitoring procedure for detecting abnormalities
such as tumors in and around all the major organs including the thyroid, prostate,
breast, liver and pancreas [36]. According to some studies, one-third of all the breast
tumors are detected by the palpation [37], and it is still the best way to detect liver
tumors and metastasis by assessing the tissue softness [34,38,39]. As another ex-
ample, in laparoscopic colectomy, lack of haptic feedback hugely limits the surgeon’s
performance when attempting to resection the colon and is also recognized as being
the major cause of mishaps during operative procedures such as accidentally cutting
arteries [40-44].

The absence of tactile and kinesthetic feedback is also the main drawback of MIRS
operations which currently are in dire need of more accurate mechanical force feedback
devices in order to confer a more realistic sense of touch to the surgeon’s fingertips.

Advantageous, also, would be the advent of smart tools for graphical represen-

tation of tool tissue interaction or smart algorithms for identifying biological tissues
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during surgical operations. Recent efforts have been made in the area of smart iden-
tification methods and tools. For instance, different palpation tools have been devel-
oped for obtaining nonlinear viscoelastic tissue parameters [45-48|. However, these
and other proposed methods are still not suitable for real-time identification of the
tissue parameters.

It can be debated that the state-of-the-art haptic feedback devices can recreate
the sense of touch for the surgeon. A major technical challenge in the field of haptic
feedback for MIRS systems is to provide sufficient haptic information to the surgeon
without there being any compromise in maneuverability, dexterity.

Although direct palpation in an operating room is a qualitative method of diag-
nosis, in order to adopt the human ability of palpation in a smart algorithm that
would be useful during the MIRS, the diagnosis should be performed quantitatively.
However, since biological tissues possess nonlinear mechanical behavior, conventional
mechanical tests (compression or tension) and properties (Young’s modulus) would
not be sufficient in themselves to identify or classify the pertinent tissues. For exam-
ple, real-time tissue elastography is widely used for visualizing the tissue elasticity
and classifying tissues based on standard schemes such as the Tsukuba elasticity
score [49]. However, different scoring methods do not necessarily yield similar results
and extraneous factors, such as the palpation rate and pressure, may well influence
the elastography classification [50]. Researchers have shown that elastic models only
approximate real soft tissue [51,52]. In addition, the methods which are capable of

accurately measuring the parameters of biological tissues are not compatible with
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MIRS and, furthermore, real-time implementation of these methods is challenging
in the realms of computation and mechanical complexity. For example, volumetric
compression and tensile tests are not intra-operative friendly nor would it be compu-
tationally effective, at least for the purposes of real-time implementation, to perform
a compression test and subsequent inverse modeling to determine the material prop-

erties.

1.3 Design and Model-Based Control of Magne-

torheological Fluid-Based Softness Display

Chapter 4 presents the design and study of a magneto rheological fluid-based softness
display. A high efficiency compact electromagnet design is presented which is capable
of magnetically saturating the MR fluid used for softness recreation. The proposed
display is simulated by using an FE model. Interaction of human finger pad with soft
materials is modeled in order to achieve a proper control algorithm for the display. A
control method is proposed for regulating the electrical current in the electromagnet
of the softness display in order to mimic the mechanical behavior of nonlinear soft

materials, in contact with a finger pad, by means of the MR fluid.

Background

In order to assess the shape, size, texture and softness of physical and virtual objects,

it is often necessary to undertake complicated manipulation tasks in small workspaces
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and VE. In order to accomplish this, it is necessary to employ tactile and kinesthetic
feedback of which the impact and use of tactile feedback in manipulation tasks has
been widely investigated. A survey of current literature illustrates the effects of lack
of tactile feedback as underestimation, and even opposite perception of produced
forces by muscles, due to the absence of tactile feedback [4-6]. In general, contact
information along with kinesthetic and vision are necessary to obtain the body state
and structure during a manipulation task [9,10].

Research in the field of haptic feedback is mainly focused on the critical appli-
cations of tactile feedback. For example, anomalies exist in current robotic surgery
systems when grasping and pulling soft tissues and attempting to detect arteries un-
der tissue, due to the lack of proper tactile feedback. Indeed, this shortcoming has
often been reported by experienced robot assisted surgeons [13]. Thus, in order to
address this issue and to more accurately replicate tactile perception, an attempt to
improve on various types of tactile displays have recently been made [14,53].

This research work has shown the effect of finger pad deformation. This effect is
considered in control of the proposed softness display based on a linear actuator [54].
Using the Hertz contact model, it has been shown that the finger pad deformation
reduces magnitude of the force in force-displacement curves, which is used for con-
trolling the linear actuator of the proposed tactile display (chapter 5 of this thesis).
As a next step, compliance of soft material in contact with the finger pad is studied in
this work. Within potential smart materials, MR fluid was of interest in this research

for controlling both the contact force and contact area between the finger pad and
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soft materials. An schematic of the proposed display system is presented in Fig. 4.
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Figure 4: Schematic of the MRF base tactile display.

Applications of MRF in tactile feedback devices have been studied in literature.
Sgambelluri et al. [55-58] studied the possibility of mimicking haptic perception by
designing haptic interfaces based on MRF which are capable of reproducing the shape
and compliance of virtual objects. They presented a few designs for their proposed
device and modeled their designs by employing the FE method. An improved version
of their developed device, called Haptic Black Box II (HBB II), consists of a plastic
container for the MRF and a series of primary and secondary ferromagnetic cores
positioned radially around and under the MRF container which dynamically adjusts

the magnetic flux density inside the fluid. Their design allows precise control over
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electrical current in coils and distance between the coils and the MRF container with a
computer software. With this unique design, they have reported successful recreation
of spatial shapes inside the MRF container by locally adjusting viscosity of the MRF.

In a recent research, Rizzo [59] proposed a combined system of permanent magnets
(PM) to replace the excitation system (coils) in HBB II. Also, the plastic MRF
container is replaced with a flexible balloon. In this design, the PMs and coils can
be mechanically positioned using stepper motors which allows fine control of the
magnetic field intensity inside the MRF. Stronger magnetic flux values were reported

in the inner parts of the MRF as a result of using combined exciters.

1.4 Hertzian Model of Finger Pad Contact in Lin-

ear Actuator Based Tactile Display

Most tactile displays that have been introduced which are driven by a servomotor, or
other type of linear actuator, use the spring model to simulate the softness. From a
simplistic point of view, most materials can be modeled as a spring which, for small
strains, is good for characterizing the softness of the material. However, in large
deformations, the spring model cannot determine the behavior of the material with
any exactness.

During the MIS, a surgical endoscope can apply large forces on tissues which re-
sults in a considerable amount of strain on those tissues. Based on the above facts,

a tactile display system is proposed which takes the nonlinearity force-displacement
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into account. This new tactile display comprises a linear actuator, a force sensor, and
processing software. The system can reconstruct the softness of different materials
based on the mechanical properties of those materials, and fingertip pulp deformation
behavior. The data of the mechanical properties of the materials were measured and
recorded. The effect of fingertip pulp deformation was applied to the material model
and used by the processing software for reproducing the same properties by the tac-
tile display. By calculating the dimension of the contact area, over which the force
is applied, these stress-strain data can be transformed to force-compression which is
used by the processing software to actuate the display. The data are saved in lookup
table in the processing software which gathers information from the applied force to
the shaft of a linear actuator and the position of the shaft. In conjunction with this
information, and using the lookup table, the response of the material to the applied
force is extracted from the table and used as the input to a PID controller which
prepares necessary commands to the linear actuator to move the shaft. The experi-
mental results showed that the developed tactile display can replicate the softness of
materials very closely.

Chapter 5 is organized as follows. First, a description of the setup that we use
for simulating the Young’s modulus and softness display is presented. The the sim-
ulation algorithm is explained along with the PID controller, which is capable of
reconstructing the tactile data. At the end, the experimental results are presented

and discussed.
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Background

Numerous research works have been undertaken on providing the surgeon with the
means of applying force to sense softness, feel the pulse and detect abnormalities.
The actuation technique is the key parameter of a physical tactile display which de-
termines the whole system performance. For MIS and MIRS (minimally invasive
robotic surgery) applications, the tactile display must conform to the medical device
regulations imposed by the Food and Drug Administration (FDA) and the European
Medicines Agency (EMA) while, at the same time, also meeting the physical require-
ments and other strictures that govern the safe and proper use of tactile displays in
medical practice.

The minimum requirement of an ideal tactor (pin) type tactile display is that it
must have a temporal resolution of 50 Hz, spatial resolution of 1 mm~2 and provide
a minimum pressure of 50 N.cm™2. Each actuator should be capable of indenting up
to 4 mm with a height resolution of 10% (a power density of 10 W.cm™2 with an
actuator density of 1 per mm?) [60-62]. The primary prerequisites for tactile displays
for MIS and MIRS procedures, in order to make them suitable for integrating into
current devices, are that they be small and quiet. In keeping with this, various ac-
tuation and stimulation techniques have been proposed. Pelrine et al. reported an
electrostatic actuator composed of a polymeric elastic dielectric sandwiched between
compliant electrodes [63]. In a similar design, Jungmann and Schlaak [64] used elec-
trostatic actuators with elastic dielectrics as the tactile stimulator. By applying a

voltage to the electrodes, the dielectric contracts in thickness and expands its area
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due to the attracting charges on the electrodes. When the voltage is reduced, the
dielectric returns to its initial shape and produce forces due to its stored elastic en-
ergy. One notable disadvantage of this actuator, certainly in medical applications, is
its relatively high operation voltages (in orders of kilo Volts) which increases the risk
of electrical interference in other devices. Yamamoto worked on a tactile display in
which electrostatic force and friction control was employed in order to recreate surface
roughness [65]. This device consisted of stator electrodes and a thin film slider upon
which an aluminum conductive layer was deposited. The user places his index finger
on the slider and moves it horizontally to obtain a certain tactile sensation. By ap-
plying various voltage patterns to stator electrodes, various friction distributions are
generated on the slider which, in turn, is transferred to the fingertip so as to generate
a surface roughness sensation which, therefore, makes it applicable only for surface
roughness perception. Even though the main objective of a tactile display in medical
applications is to recreate softness and contact force during the surgery, roughness
feedback is also relevant in MIRS (e.g., gentle grasp with just enough pressure to
avoid slip).

Ottermo et al. worked on fabricating a shape display using micromotors on the
handle of an endoscopic grasper. They employed a 35 mm x 10 mm array of 15 x 4
piezoelectric sensors, in conjunction with a tactile display consisting of thirty-two
micro motors, having a total size of 27 mm x 20 mm x 18 mm [66,67]. This design,
however, was limited by virtue of the fact that the actuator shaft was relatively

large which decreased the tactor density in this display. Furthermore, the limited
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force capacity of the actuators also restricted the ability to regenerate the mechanical
deformation behavior of hard biological tissues. Wellman et al. used shape memory
alloy (SMA) as the actuating element for a tactile shape display [68]. A 3D shape
display, using an array of bars actuated by the SMA, is presented in [69]. Despite
its many advantages in medical applications, SMA based actuators suffer from non-
linear behavior and hysteresis during loading and unloading cycles. Hayward et al. [70]
worked on a tactile display using an array of piezoceramics which stimulates the skin in
its lateral mode by vibrating two active piezoelectric layers, also known as a bimorph.
In another research work, Yun et al. [71] described the development of a piezoelectric
based planar-distributed tactile system that only displayed textures. This proposed
tactile display comprised a 6 x 5 pin array, actuated by thirty piezoelectric bimorphs.
Another tactile stimulation method was proposed by controlling the suction pressure
[72-74]. This method is based on the tactile illusion that we feel when something like
a stick pushes up into the skin surface when we pull skin through a hole by lowering
the air pressure.

In [75], a tactile display is proposed utilizing thermo-pneumatic micro pumps
and micro valves which works based on sealed cavities in which one side is flexible.
Each cavity is filled with a low boiling point liquid, such as methyl chloride, with a
resistive heater built inside. When the heater increases the temperature inside the
cavity, the pressure increases because of the gas resulting from the liquid-gas phase
transition and the flexible side of the cavity becomes swollen [76,77]. Though this

design is simple and has many advantages, the response time in this actuation method
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is long. In [78,79] an electrocutaneous display is presented which directly stimulates
sensory receptors within the skin with electrical current. An array of 5x6 electrodes is
developed for generating pressure or vibration patterns without using any mechanical
type of actuator.

Yamamoto et al. [80] developed a graphical overlay technique to display the loca-
tion of hard objects hidden in soft tissue. While the phantom tissue is palpated using
a surgical robot, the stiffness of a Hunt-Crossley model is estimated. At the same
time, a visual overlay is created on a semi-transparent disc at the tissue surface by
using hue-saturation-luminance. The hue corresponds to the stiffness at a palpated
point and the saturation is calculated based on the distance from this point. Kalan-
tari et al. [81] developed a 3D graphical tactile display for determining the presence
of localized lumps. Their proposed algorithm reads the pressure distribution from
3 x 3 PVDF sensor arrays mounted on both jaws of a laparoscopic grasper and ren-
ders pressure distribution in three engineering views making the operator capable
of detecting features that are hidden under the tissue. Graphical tactile displays
that provide the surgeon with pressure distribution of contacted tissue are easy to
implement on current MIS and MIRS devices. However, because such displays are
based on indirect feedback through vision, they are therefore less efficient than direct
stimulation. In [82], a tactile display device is designed based on the soft-actuator-
based wearable technology. This device can provide stimulation on the human skin
without any mechanical transmission. An electroactive polymer is used for the con-

struction of the tactile display device. Another work which has been developed is a
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pneumatically-driven balloon actuator array suitable for mounting on robotic surgical
master controls [53,83]. The inflation of hemispherical balloons increases the force on
the skin and causes skin deformation. The actuator consists of an array of balloons
formed from a spin coated silicone film placed over a molded substrate. Because it
is small and fast due to its pneumatic driven mechanism, this display is suitable for
MIS and MIRS applications despite the less than ideal shape of its pins (tactors)
and non-uniform contact area. In [84] Kim et al. developed a multi-fingered tactile
display module in which each comprises a 4 x 4 piezoelectric ultrasonic actuator array.
Various types of texture information can be generated using a static indentation or
through the vibration of each pin. In [85], Kimura et al. presented a 2-DOF (Degrees
of Freedom) controlled softness display, capable of recreating the asymmetric softness
of the contact area. Their proposed display consists of a flexible sheet as the contact
surface and two DC motors which independently control the height of both sides of the
flexible sheet and, consequently, the contact area. Liu [86] developed a real-time soft-
ness display by controlling the deformable length of an elastic beam element. Burch
and Pawluk [87] presented a 2-D multifinger tactile display employing piezoelectric
actuators as both contact and stimulator elements on each fingertip to reproduce and
represent texture images. Cameron et al. [88] presented an electroactive polymer-
based tactile display. They employed an Electro-Active Polymer (EAP) in the form
of a cantilever to produce light touch through bending force and vibratory sensations
to the fingertips by varying the sinusoidal waveform. In [89], a compact and wearable

3-DOF tactile display was developed and affixed on the fingertip. It was comprised
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of two main parts, one fixed part on the backside of the finger which supported three
DC motors, and the other active part on the fingertip which consisted of three wires
whose lengths and strains were controlled by three DC motors. Watanabe et al. [90]
proposed a tactile display using large displacement Micro-Electro-Mechanical Systems
(MEMS) actuator arrays in which each was composed of a piezoelectric actuator and
a hydraulic displacement amplification mechanism to achieve the minimum required
stroke length of a tactile display element.

Small workspace on MIRS master controls and sensitive electrical instruments
limit the number of tactile display technologies suitable for this application. Consid-
ering the current design of robotic surgical systems, only fast and small softness dis-
plays with a safe operational voltage and magnetic field would be suitable. Therefore,
actuation techniques such as dielectric polymers, SMA, piezoelectric and electroactive

polymers generally are not a good candidate for MIRS applications.
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Chapter 2

Identification of Hyper-Viscoelastic
Tissue by Inverse Indentation

Modeling

Recently, in order to identify unknown parameters of a material, inverse FE model-
ing has been proposed and vastly employed [32,91,92]. Inverse modeling, within the
context of material parameter identification problems, is an approach which attempts
to achieve the most accurate model parameters with respect to fundamental physical
experiments such as, for example, fitting the FEM numerical results to identical data
from physical experiments.

In order to construct an accurate mathematical model of a biological tissue, it is
necessary to thoroughly understand the nonlinear mechanical behavior of the tissue.

In addition to the mathematical model (type of the strain energy function), accuracy
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of the model directly depends on the identified material parameters. In this research
work, inverse FE modeling technique is employed for identification of biological tissue
with HV model and nonlinear elastic materials with hyperelastic model.

To investigate the effectiveness of this approach, the mechanical behavior of tissue-
like polymeric foams as well as liver tissue have been studied. The liver tissue possess
hyper-viscoelastic behavior, and the tested foams possess hyperelastic behavior which
exhibits many of the features of biological tissues. The parameters of suggested hy-
perelastic and HV models are identified in an inverse problem of spherical indentation
test.

An MS global optimization approach is employed based on the Nelder-Mead al-
gorithm and the performance of this method is evaluated and compared to other
alternatives such as the Kalman filter method and single element inverse FE models.
Sensitivity of the results to parameters of indenter size and indentation depth is stud-
ied, and a hypothesis is proposed for prediction of variation in results due to changes
in these parameters. Results showed that the employed MS global optimization ap-
proach produced accurate results with reasonable computational cost in comparison
to single element model methods and pre-evaluated objective function methods such

as the Kalman filter method.
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2.1 Parameter Identification of Hyperelastic and
Hyper-Viscoelastic Material Models by Inverse

Modeling

As mentioned, accuracy of any FE model is strongly dependent upon not only the
type of constitutive model used, but also on the accuracy of its parameters. There-
fore, determination of material parameters through mechanical tests is a key step
to provide data for the simulation of complex loading conditions. Many material
constitutive models involve parameters often without physical meaning since they
are not directly measurable. Therefore, indirect methods, like optimization, are re-
quired for identification of these parameters. For example, the Hyperfoam! strain
energy potential function for foams involves the parameter o which has no physical
definition and only specifies the shape and behavior of the stress/strain curves. It
is necessary to perform an optimization to identify the parameter a for the Hyper-
foam material model. Another example is parameters related to viscoelastic behavior
definition by Prony series. Ratios of bulk and shear relaxation modulus, as well as
the relaxation time constant can only be identified in a curve fitting or optimization
operation on relaxation experiment data. Measurement of combined hyperelastic and
viscoelastic or HV material model parameters in a simple single step experiment is

almost impossible. In the following subsections, two suitable models for hyperelastic

Hyperfoam is a type of hyperelastic strain energy function, which is suitable for modeling the
soft foams

28



and viscoelastic behaviors are explained, next a method of parameter identification is
proposed based on the inverse FE modeling for obtaining the HV model parameters

in a single experiment.

2.2 Hyperelastic Behavior

High non-linear behavior of elastomeric foams and biological tissues is usually modeled
using strain energy potential functions which define the strain energy stored in the
material per unit of reference volume (volume in the initial configuration) as a function
of the strain at that point in the material. T'wo most common strain energy functions
used for foams and biological tissue are Hyperfoam and Ogden functions as shown in

Eqgs. 1 and 2, respectively:

N
Ui [en <o = 1 i
U=3" [Ai‘iﬂé‘iﬂ?—wg((ﬂ) ’5’—1)] (1)
i—1 7 7
N s /- ) ) Ny .
U= (A?i A% 4 A —3) +3 (1) 2)

=1 i=1 !

where energy density, U, is a function of temperature-dependent material pa-
rameters /i, o, i, D;, principal stretches )\;, and the elastic volume ratio, J¢ . The
following relationship exists between \;, J¢ and the thermal volume ratio J™ as shown

in Eq. 3:
A= ()TN = Ay = g9 (3)
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According to Eqs. 4 and 5, the elastic volume ratio, J¢, is related to the total

volume ratio, J, and the thermal volume ratio, J* as shown:

J
el
SO = Jth (4)
) (5)

where, € is the linear thermal expansion strain. The coefficients p; are related to

the initial shear modulus, g, by:

Ho = Z Hi (6)

B; and D; in the same manner are related to initial bulk modulus, K, , as shown in

Eqgs. 7 and 8:

Ky = Zf;m (% t ﬁi) (7)

2

Ky= —
0 D

B; determines the degree of compressibility and is related to Poissons ratio, v;, as

shown in Eq. 9:
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Closed cell foams are considered fully compressible, therefore parameters v; and con-
sequently f3; are almost zero [93]. The validity of this assumption is investigated in

section 2.10 of this research using the inverse modeling.

2.3 Viscoelastic Relaxation Behavior

Viscoelastic materials can be modeled by different rheological models. One of the
basic rheological model is generalized Maxwell model or Prony series. This model,
along with the potential energy functions, like Ogden function, allows modeling of
large strain effects in a wide variety of nonlinear viscoelastic materials. Time depen-

dent shear and bulk moduli in this model are shown in Eqs. 10 and 11:

Na
G(1) = Go (goo +> gie ) (10)
=1

N
K(r) = K, (k:oo + Y ke ) (11)
=1

where GG and K are functions of shear and bulk modulus over time, 7 is current time,

Gy and K are shear and bulk modulus at time (7 = 0), g; and k; are relative moduli

related to term 7, g, and k. are moduli related to time infinity. Assuming that

the two deformation modes, bulk compression and shear strain, are closely related

and relaxation occurs equally and simultaneously for both of the modes, then the

relaxation times, 7/ and ¢, would be equal [94]. The parameters, g;, k; and 7; =
a K

7,7 = 7;* can be identified using a relaxation test and subsequent curve fitting, and
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the parameters g, and k., can be identified at time 7 = 0 using the Eqgs. 10 and 11

as shown in the following:

Go = Go (goo + i 9i> (12)

i=1

Nk
K, = K, (koo +) k) (13)
=1

All the parameters of Prony series for Viscoelastic behavior can be obtained in stan-

dard relaxation tests by applying a sudden strain and measuring the stress over time.

2.4 Parameter Identification by Inverse Modeling

As mentioned, conventional determination of the hyperelastic and viscoelastic mate-
rial parameters was carried out using standard mechanical tests which defines and
guarantees formation of particular stress/strain fields on the test samples. Using
these fundamental mechanical test results and single-element FE models, parameter
determination was performed by means of simple curve-fitting methods [95] in com-
mercial FE analysis software such as Abaqus [93]. However, standard mechanical
tests require careful sample preparation to ensure formation of desired stress/strain
fields in the sample. It has been shown that inverse problem theory can be employed
for material parameter identification by modeling a specified experiment in full scale
instead of scaling down to single-element models [96]. A general scheme to achieve

material properties using inverse modeling is illustrated in Fig. 5. As shown in this
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figure, in a problem of error function minimization, an optimizer finds the best set
of parameters to satisfy a stopping criteria. The error function is defined as being
the difference between experimental measurements and identical parameters in the

mathematical model of that experiment.

Initial
estimation
(0,05,...)
Experimental
measurements FE model of

(Pre) experiment
l g
8|2
"""""""""""""""""""" 5|15
Inverse model g| 8
problem solver S
[=H
... . gl
Minimize error function =

fab/ = ‘PFEM (0),005,0) = Péf;”

anunuo))

If
stopping criteria
satisfied

[ Optimal parameters ]

Figure 5: Inverse modeling parameter identification flowchart. «; are optimization vari-
ables. Prgy and nggs are, respectively, scalar output of FEM and its counterpart from
the experiment.

As instances of parameter identification by the inverse modeling, Schnur and

Zabaras [97] combined an optimization code with a FE code for determining elastic
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material properties. Gelin and Ghouati [98] coupled the code of a modified Levenberg-
Marquardt method to an FE model. This was undertaken in order to determine the
viscoplastic material parameters of aluminum alloys by minimizing the difference be-
tween the measured boundary displacement and the displacements calculated by the
FEM.

Recently, with the advent of new optimization algorithms and FE modeling tools,
in conjunction with improvements in computing power, new methods of identification
by inverse modeling are widely being investigated and employed. Software packages
such as Abaqus and LS DYNA are equipped with optimization modules although
these modules are still only in the early development stage [24]. Also, third-party
additions such as HEEDS MDO have recently been introduced in order to improve

the inverse modeling capabilities of FEM packages.

2.5 MultiStart Global Optimization Approach

Computational cost is very important in applications such as parameter identification
by the inverse FE modeling, where evaluating the objective function becomes com-
putationally demanding. Therefore, the employed optimization algorithm should be
more efficient in terms of parallelizability and the number of evaluations for achieving
a result with reasonable accuracy. Within the context of mathematical optimization,
local optimization methods are least computationally demanding. However these

methods result in local minima which might not be same as global optimum point.
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On the other hand there are global optimization methods which yield global optimum
point, but with many number of evaluations on objective function. In order to achieve
an adjustable trade-off between the computation cost and probability of the global
solution, the MS method is employed in this research. The employed MS method
generates uniformly distributed points in parameter space. Then the objective func-
tion is optimized using local optimizers with the generated points as initial points
of the local optimizers. The main advantage of MS method is its high potential for
parallelization. Both the steps of generating uniform parameter space and optimizing
by means of local optimizers can be efficiently parallelized.

In this research, Nelder-Mead optimization approach is employed as the local
optimizer for the MS global optimization method. The Nelder-Mead approach [99]
belongs to class of direct search methods [100] and is very well known for its simplicity,
low storage requirements and low number of function evaluations per iteration. This
Nelder-Mead, or downhill simplex method, is usually used for minimizing a function
with n variables, based on replacing the vertex with highest value of a general simplex
with another point and examining the updated set of (n + 1) vertices in n dimensions.
Generally, this method is used for nonlinear optimization. Details of the Nelder-Mead

optimization method is presented in Appendix A
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2.6 Indentation Test

Of all the different conventional mechanical test methods, the indentation test is the
simplest test to perform since it contains the least number of parameters that require
to be measured. However, standard indentation tests only result in hardness of sam-
ple which is not, itself, an analytical mechanical property of the material and cannot
be used for FE analysis. Several mathematical approaches have been proposed for
determining a variety of material properties by indentation tests [101-104]. However,
there is no general analytical method for identifying different properties using these
tests. As mentioned earlier, inverse modeling can be used to extract the parameters
of a material in a given constitutive model. In this study, indentation with spherical
indenters is modeled by FE method as an analytical rigid indenter along with hyper-
elastic and HV materials, as shown in Fig. 6. The model is constructed in Abaqus
CAE software using 4-node axisymmetric quadrilateral elements (CAX4R). Abaqus’
explicit dynamic procedure along with Penalty contact algorithm are employed for
solving the problem. The explicit dynamic procedure is based on Lagrangian FE for-
mulations [105-108], which is suitable for problems involving large deformations and
displacements. These formulations have been successfully applied to a broad range of
nonlinear transient dynamic problems. An overview of the Lagrangian formulation is
presented in Appendix B.

Indentation experiments were performed on closed cell foams and bovine liver

tissue with two different indenter radiuses of r = 4 and 6 mm at constant indentation
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rate of 1 mm.s~ .

An ElectroForce 3200 all-electric test instrument was employed
to perform the indentation tests with displacement feedback and a sampling rate
of 50 Hz. The schematic of the test setup is illustrated in Fig. 7. Indentation is

performed up to a depth of 4 mm and the indentation force is acquired. Test results

are presented in Fig. 8.
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Figure 6: (a) Axisymmetric FE model of indentation is constructed using Abaqus FEM
software using 4-node bilinear axisymmetric quadrilateral elements (CAX4R) for bulk ma-
terial and an analytical rigid body for the indenter. Two dominant modes of deformation,
(b) compressive and (c) shear, are shown in this figure.
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Figure 7: Indentation test setup. (a) A Bose ElectroForce 3200 test instrument is used
for indentation experiments along with WinTest software for data acquisition. (b) Details
of the test setup including liver sample, spherical indenter, force sensor and linear motor.
(c) Schematic of the test setup.
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Figure 8: Indentation test results of closed cell ethylene-vinyl acetate (EVA), closed cell
sponge neoprene (B1), products of PROFOM Canada, and bovine liver tissue. Indentation is
performed with indenters of r = 4 mm and 6 mm radius. An average of three measurements
is taken for each indentation test. An additional relaxation step is considered for the liver

sample.

2.7 Objective Function and Global Evaluation

In order to identify the constitutive model parameters of elastomers in an inverse

modeling problem, the error function is defined as shown in Eq. 14:

N
f (oz,,u, D7g7 k:77—7) = Zd. thl |PtFEM (O‘/i?l’[’i? Di’g(bkq?TQ) - F)tmeas‘

O =0, Q= U, e
9q =01, 9p , kq=Fki,...
j=1,...m

s Hon, ) Dz

akp y Tg

=Dy, ..., D,

(14)

=T, ...,Tp

where n is order of the strain energy function, p is order of the Prony series, m is num-

ber of spherical indenters used with different diameters, ¢ is time of data collection,
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PFEM g calculated load in FE model of

P/"¢% is measured load in indentation test,
indentation, N is number of time steps and d; represents diameter of the indenter.
In this work, the strain energy functions with orders of n = 1 and 2 are studied.
In order to consider a reasonable range of strain during the identification process,
and acquire enough data points in indentation experiment, the indentation test was
carried out up to depth of 4 mm (80% strain in elements around contact area) with
a sampling rate of 50 Hz. Therefore, with the indentation rate of 1 mm.s™!, a total

number of 200 data points (N in Eq. 14) were acquired in both the experiment and

the FE model of indentation.

2.8 Identification of Hyperelastic Model for Foams

The error function (Eq. 14) is evaluated in whole parameter space (combination of
w; and ;). Color maps of the objective function with two and four parameters (u
and «), as well as single and double indenters (m = 1 and 2 in Eq. 14) are presented
in Fig. 9 and Fig. 10. These maps are plotted by evaluating the error function in a
12 x 12 grid of («, ) for first order energy function (n = 1) and 4 x 4 x 4 x 4 grid of
(ov1, 1, g, pi2) for the second order energy function (n = 2) in reasonable ranges for
a and p. The global search over whole parameter space is performed systematically

using the Nelder-Mead algorithm by following steps:

(a) Evaluation of the error function at user defined grid points of the parameter

space.
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(b) Determination of a threshold for error value (Ey,) in order to identify candidate

initial points for local optimizations.

(c) Identification of initial points based on the threshold value determined at step

(b).

(d) Local optimizations using Nelder-Mead algorithm with identified initial points

at step (c).

(e) Comparing and validating the optimized parameters.

Local optimizations using the Nelder-Mead method were performed with various
initial points around possible regions of valid material parameters. In Fig. 9a and
9b, it can be observed that all the local optimizers converge to a unique point on the
parameter space in (n = 1) case (two unknown parameters), but stationary points
are not identical for different indenter radii. For example, as shown in Table 1 the
initial shear modulus, pg, for EVA foam is identified as 0.22 MPa and 0.27 MPa when
using indenters having radii of r = 4 and 6 mm, respectively. In order to resolve this
discrepancy, an identification process is performed using two different indenter radii

(m = 2) simultaneously.
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Figure 9: Color map of objective function using EVA and Bl elastomers. Optimization
is performed from various starting points. Arrowed lines with various colors represent path
of the optimization for each of the starting points. Relative error in the objective function
acceptable for convergence (f;,) is set to fi,; = 10.0 for local optimizations based on the
Nelder-Mead algorithm.
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Figure 9: cont’d.
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Table 1: 15 order Hyperfoam model (N = 1 in Eq. 1) parameter identification results for
EVA and B1 foams. The indentation experiment was performed with two indenter radiuses,
r =4 mm and r = 6 mm in which the identification was performed using a single indenter
and double indenter.

EVA B1
Indenter radius (mm)  pg o [bs o
r=+4 0.220 10.526 0.193 12.711
r==06 0.278 15.152 0.226 15.173

r=4andr =26 0.245 12.424 0.188 11.1564

The color map of the objective function in Eq. 14 (with first order strain energy
function, thus with two variable parameters v and «) is shown in Fig. 9. Fig. 9a
and 9b, respectively, shows EVA elastomer compressed by a 4 mm and 6 mm radius
indenters. In Fig. 9¢, both the 4 mm and 6 mm indenters was used. Fig. 9d and 9e
shows B1 elastomer compressed by a 4 mm and 6 mm indenters. In Fig. 9f, both the
4 mm and 6 mm indenters was used for the B1 elastomer. The indentation depth, in
all cases, was 4 mm. Various initial and end points of optimization with a Nelder-
Mead local optimizer are presented for each problem. The valley of these objective
functions is represented in gray color. Optimization with different initial points results
in a unique end point for each problem which is downhill in all directions toward the

optimum point.
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Figure 10: 3D representation of objective function with four parameters. (a) and (b) rep-
resent the evaluated sample parameter space. (c¢) and (d) represent path of the optimization
as well as starting and end points. Relative error in the objective function acceptable for
convergence is set to fi,; = 10.0 for local optimizations based on the Nelder-Mead algorithm.

Fig. 10 represents objective function in sample parameter space for second order
strain energy function (N = 2 in Eq. 1, thus four unknown parameters) as well as
several possible initial points for local optimization. Optimization paths, as well as
initial and stationary points, are also represented. Results of local optimizations,
with various starting points, for identification of 2"¢ order strain energy function, as
given in Table 2, show that the tested EVA and B1 foams have the material property

of N =1 in Eq. 1 (1 order strain energy function). Three types of results for the
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EVA foam can be distinguished from the results of the 2" order energy function

identification as follows:

1. p1s = 0.22 MPa and pos = 0

2. pos = 0.22 MPa andyys ~ 0

3. a5 = ags = 10.52, 15 = 0.094 and pos = 0.126

Since there is no Poisson’s ratio effect, replacing these identified parameters in 274
order strain energy function (N = 2 in Eq. 1) results in 1% order energy function in
all three types mentioned above. Therefore, it can be concluded that EVA and Bl
foams are compatible with 1°* order strain energy functions (N =1 in Eq. 1).

Fig. 10a and 10b shows the 3D representation of objective function (f in Eq. 14)
with four variable parameters oy, p1, g, o and vy = v, = 0. Since these do not
demonstrate the change in as, this parameter is arbitrarily selected to be 8.6 for
EVA foam and 14.3 for B1 foam, which are close to final optimum point. Possible
starting points for the local optimizer are inscribed by dashed line in graphs (c¢) and
(d) of this figure, which present three initial and end points of optimization with the
Nelder-Mead local optimizer for each problem. The implemented Abaqus software
based Python code for the parameter identification by the Nelder-Mead algorithm is

presented in Appendix C.
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Table 2: 2% order Hyperfoam model parameter identification results (15, Q15 p2s, Q25)
for EVA and B1 foams performed with a single indenter of 4 mm radius.

His Qs Has Qog

0.221 10.65 3.75 x 10~*  3.43
0.220 1052 1.13x 10~*  8.53
EVA 6.45x 1074  8.50 0.219 10.52
0.094 1052 0.126 10.52
0.085 1052  0.134 10.52

0.001 12.69 0.192 12.72
0.191 12.69 0.001 3.31
B1 0.192 12.72 0.001 15.81
0.118 12.74 0.075 12.73
0.192 12.68 0.001 22.69

2.9 Effect of Indentation Depth in Identified Pa-

rameters

As shown in Fig. 11, identified material parameters with the inverse model of the
indentation test, vary depending upon indentation depth and indenter size. Upon
closer observation, however, it is observed that the discrepancy decreases when the
indentation depth is increased. Also, it can be seen that for each indenter size, the

identified parameters at different indentation depths follows a linear trend.
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Figure 11: Effect of indentation depth (d) and indenter size (r) on the identified parameters
for EVA and B1 foams. Identification is performed with different indentation depths and
different indenter sizes.

This observation is in agreement with the Zhang’s examination of the Hadamard
inverse function theorem on the inverse FE based identification using the spherical
indentation [31,32]. The linear trend of identified parameters for each indenter size,
within different depths of indentation, intersects close to the deepest identification
points (d = 4 mm). Extrapolated values at this intersection point are as gy 4 = 0.22,
apya = 10.17 for EVA foam and pg; = 0.15, ag; = 8.3 for Bl foam. These values
are used in the same FE model and comparisons of the indentation reaction force

between the FE model and indentation experiment are shown in Fig. 12.
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Figure 12: Comparison of the indentation reaction force between FE model and indenta-
tion experiment for EVA and B1 foams.

2.10 Identification of Poissons Ratio and Friction

Coefficient

Two separate identifications are also performed by considering Poisson’s ratio and
the friction coefficient as unknown parameters. Initial Poisson’s ratio and friction
coefficient are selected as: viny; = 0.1 and g/, = 0.1 and the optimization problems

are defined as:

N

fa,p,v) = Zt:1 ‘ptFEM (o, 11, 1) — Ptmeas‘ (15)
N
f (a’u7ﬂf) — Zt:1 ‘PtFEM (a“u”uf) _ Ptmeas} (16)
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Fig. 13a and Fig. 13b show identification of Poisson’s ratio and the friction coefficient

in an inverse modeling problem of indentation.

0.16
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Figure 13: (a) Identification of Poisson’s ratio in an inverse modeling problem. (b) Identi-
fication of the friction coefficient between the indenter and EVA foam in an inverse modeling
problem. Relative error of f;,; = 10.0 is employed for the convergence.

As can be seen in Fig. 13a and Fig. 13b, identification of Poisson’s ratio and the
friction coefficient, together with other material model parameters, resulted in values
of 8.0 x 10~* and 4.6 x 10~* respectively. These very small values prove the validity
of the assumption that ¥ = 0 and that there is no friction between the indenter and
hyperelastic foam. These figures illustrate variation in Poisson’s ratio and friction
coefficient in an inverse modeling problem of indentation up to 4 mm with Hyperfoam
material model and indentation test on EVA and B1 elastomers. Friction is modeled
by penalty contact algorithm. An interpolated solid line is drawn between data points

which are smoothed by a Savitzky-Golay filter with a window size of 25 points.
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2.11 Identification of Hyper-Viscoelastic Model for

Liver Tissue

The same identification process is employed for HV model of bovine liver tissue. Og-
den and Prony series are employed for modeling hyperelastic and viscoelastic behavior,
respectively. Reaction force of indentation is acquired in two steps, indenting up to
4 mm with indentation rate of 1 mm.s™!, following by a relaxation step as a result
of constraining the indenter at 4 mm depth. First order objective function (N = 1
in Eq. 14) is used which includes 6 parameters as (a, i, D) for the Ogden model and
(g, k, ) for the Prony series. The parameter space is formed by a 3 x3x3x3x 3 x 3
grid of (o, p, D, g, k, 7). Subsequent local optimizations are performed on candidate

starting points using the Nelder-Mead method. Resulted parameters are as following:

pw=5329x 1074 a =218
D=25 g = 0.822
k= 0.003 7 =0.999

Comparisons between the indentation reaction forces of experiments and FE model
are shown in Fig. 14. A good agreement can be seen in the loading/relaxation curves

achieved by the FE model and the experiment.
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Figure 14: Comparison of the indentation reaction force between FE model and inden-
tation experiment for bovine liver tissue. Relative error of f;,; = 10.0 is employed for the
convergence.

2.12 Conclusions

In this work, an inverse model program of estimated hyperelastic and hyper-viscoelastic
material parameters has been developed based on the FE model and experiment of
indentation using spherical indenters. Global optimization with single and multi-
objective function methods, based on the Nelder-Mead simplex algorithm, have been
employed for solving these inverse problems. Parameters of a suitable hyperelastic
model have been identified for two different closed cell foams, namely EVA and BI1.
The validity of assuming frictionless contact between the indenter and foams during
these indentation tests, as well as zero Poisson’s ratio for closed cell foams, have been
demonstrated using the same inverse model problem. The effect of indentation depth
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was also investigated in estimated parameters and a numerical relationship was ob-
served and reported in results. The flexibility of this inverse method makes it suitable
for general identification processes where direct measurements are not easily applica-
ble. Applicability of this method is demonstrated on problem of hyper-viscoelastic
material parameters identification for bovine liver tissue. It has, however, been shown
that the accuracy of parameter identification using inverse indentation modeling is
sensitive to both indentation depth and indenter size. It has also been shown that, by
increasing the indentation depth, the difference between identified parameters using
different indenter sizes decreases correspondingly. When comparing direct measure-
ment methods and identification by single element models, identification using inverse
modeling of indentation necessitates a great deal of computer time and hence is costly.
Therefore, higher computational costs will inevitably be incurred with this model in
order to obtain the material parameters with the same speed as those using direct

measurement methods.
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Chapter 3

Real-time Soft Material
Identification for Use in Minimally

Invasive Robotic Surgery

This chapter investigates the real-time methods by which it is possible to identify
the parameters of biological tissues, which possess nonlinear mechanical properties,
in order to identify tissues in contact with robot end effector during minimally in-
vasive robotic surgery (MIRS). Two approaches are adopted, namely the variance
calculation and the Kalman filter method based on inverse finite element modeling
(FEM). Material parameters were identified in real time experiments of indentation.
Indentations were performed at different rates with a robotic arm equipped with an
indentation probe. The performance of both algorithms were assessed in material

parameter identification and was found to yield a performance success rate of greater

95



than 90%. The two approaches were compared in terms of computation time and
accuracy. The variance measurement method is suitable for real-time identification
with all indentation rates. In comparison, the Kalman filter method requires higher

real-time processing power for high indentation rates.

3.1 DMaterial Parameter Identification with Inverse

Finite Element Method and Indentation Test

As mentioned before, soft tissues possess nonlinear mechanical properties and are
usually modeled by variants of strain energy functions [22,23]. Since strain energy
functions generally comprise several of the material’s physical properties, as well
as parameters without any physical interpretation, accurate identification is often a
challenging task. To determine these parameters, standard mechanical tests such as
tensile, compression, shear, and volumetric tests can be performed. However, these
tests are repetitive and demand exact control on sample geometry and test condi-
tions. Furthermore, especially during the higher and maximum strain levels, physical
restrictions may introduce errors in the test results. For example, friction in the
compression test and strength of the adhesive at the sample interface and loading
plate, during the shear test, may cause bulging and give rise to erroneous test results.
All this gives rise for the need to utilization of optimization and state estimation
algorithms coupled to the simulation software for parameter identification by inverse

modeling [24,25]. Inverse modeling allows conversion of observed measurements of a
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physical system into constitutive parameters of its mathematical model [18]. There-
fore, inverse modeling of a well-defined mechanical test on a suitable mathematical
model would result in acquiring optimum parameters which can be either material
properties or those that are difficult to measure, such as friction. Within various
mechanical tests, the indentation test simulates various modes of deformation in a
given sample [26]. Therefore, an inverse model of indentation test would guarantee
parameter retrieval through complex modes of deformation in such a sample. This is
in contrast with controlled tests which are designed for generating either a particular
stress or strain state in test specimens. In this research, an indentation test is em-
ployed along with a practical real-time inverse finite element modeling algorithm for

material parameter identification.

3.2 Real-Time Parameter Identification

As mentioned in Chapter 2, a typical method of identifying parameters, based on
the inverse finite element modeling, involves an objective or error function. The
objective function is generally based on the difference of experimental measurements
as opposed to their counterparts in the finite element model of the same experiment.
The two methods used in this work are the variance measurement and the Kalman
filter method, in which error functions are employed to measure the difference between

the experiment and the numerical model.

o7



3.2.1 Variance Measurement Method

The schematic of the parameter identification with FEM is shown in Fig. 5. As can be
seen in this figure, this method necessitates evaluating the objective function in each
step of the optimization process, as shown in the Minimize error function block. Since
the objective function includes the FE model, each evaluation requires FE analysis
of the model and requires a great deal of computing time so it is not, therefore, suit-
able for the real-time processing. In this research, an efficient method is proposed in
which the computational work of the FE analysis was performed in advance wherein
its parameter has already been determined. As previously mentioned, mechanical
test of indentation is employed in this research for which the curves of force versus
depth are generated using the FE model for the desired space of parameters which are
intended to be identified. These curves are then saved in a storage matrix for purpose
of comparison in a real-time scenario. In this method, the optimization (error mini-
mization) step in inverse modeling has in fact been broken down to searching for the
most similar curve from the storage matrix. In order to perform this search efficiently
in real-time, a comparison and error measurement was performed simultaneously dur-
ing the indentation process. A two-dimensional matrix was used for storing results of
the FEM analysis. Contained in this matrix are the indentation force at certain time
increments (1At, 2At, 3At,...,T) at period T. Each row in this matrix represents
time increments, and each column relates to a unique combination of material model
parameters. The parameter space is constructed by dividing the range of the perti-

nent material model parameters provided for by a number of increments depending
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on the desired precision. As an example, Fig. 15 represents the schematic of the real
time objective or error function evaluation for a material model of two mechanical
parameters, A and B.

In this example, the indentation force is calculated and measured in AT time
increments by the FE analysis of the indentation model and performing a similar
indentation experiment. The parameter space, in this example, is constructed by
dividing parameters A and B into n and m parts, respectively. Each column of the
storage matrix is related to a unique combination of the A and B parameter values (a
and b). The error or objective function (F), is constructed by calculating the absolute

difference between the calculated and measured curves of indentation force, as shown

in Eq. 17:
|frae = flad 4 [ foae = fonid + [ fone = fand + -+ | fr — frl
|fiae = final + 1 fone = fondl + | foae = fondl + -+ | fr — f7
E= " |fine = Find + 1 foae = Bad + e = Fnd + -+ + fr = £ (17)

_|f1At — [ A+ | foae = [0+ [ fane = F3 ] + -+ | fr — f;xm’_

where f; is the experimentally measured value of the indentation force at time ¢
and f} is the calculated value of the indentation force from the FE model analysis
related to i number of combination of material parameters at time ¢. Each row in
this matrix is the absolute value of error, which represents the difference between the

experimentally measured and calculated (FE analysis) curves of the indentation force.
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The advantage of this method is that the error is calculated while the indentation is
actually being performed. At the end of the indentation process, the error matrix was
fully evaluated and the smallest valued element of this matrix represented the curve
of interest that showed the minimum difference between the measured and calculated
curves. Therefore, the material parameters corresponding to the minimum element of
the matrix E would be potentially the closest parameter set for the indented material.
A block diagram of this process is shown in Fig. 16.

The procedure shown in Fig. 16 is performed during the indentation process.
Once the indentation process finishes, the error vector (E) is ready to determine the
minimum element of the matrix and extracting its corresponding material parameters

from a lookup table based on its index as the final identified parameters.
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Indentation
Process

If”Al - f niAll

FEA _f nAt—
Database
| . | . LUT
min(E) 1= (Parameter Space)
—

Output

Figure 16: Block diagram of error matrix calculation for real-time material parameter
identification. Index of the minimum member of the matrix F is used to extract material
parameters from storage matrix or lookup table (LUT).

3.2.2 The Kalman Filter Method

The Kalman filter, named after Rudolf Emil Kalman, is an algorithm that estimates
unknown variables using a series of noisy measurements observed over time and con-
tain inaccuracies. More formally, the Kalman filter was developed as an optimal signal
processing algorithm which operated recursively on noisy input data in order to stat-
ically identify the underlying system state [109]. Technically, this algorithm updates
the previous estimates of unknown system variables through indirect measurements
of the system state and the covariance information of both the measurement variables
and the real system state. This recursive procedure has been widely used in such fields

as signal processing, radar systems and navigation [110]. Recently, application of this
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method was proposed for identifying material parameters using the inverse finite ele-
ment method and was investigated for the first time by Nakamura et al. [27,91]. They
created a reference data source using a FE model of micro indentation and analyzing
this model in a 4 x 4 material parameter space (two material parameters each in a
reasonable range divided by 4) for non linear FGMs. They interpolated the curves of
displacement versus indentation force and their gradients with respect to the material
parameter space (in their study, parameter space have two members or two material
parameters) using bi cubic Lagrangian functions'. They successfully employed the
Kalman filter method to estimate material parameters by performing micro inden-
tation experiments and extracting the material parameters as the underlying system
state. In another similar study, Li et al. employed the same approach with macro
indenters. They applied this method on closed cell foams to obtain their hyperelastic
material properties [28]. Although researchers have shown that the Kalman filter
method is suitable for parameter identification, they have not yet investigated the
capability of this method for real time material parameter identification applications.
The main advantage of the estimation using this method is its recursive nature which
allows it to run in real time using only the most recent measurements, the uncertainty

matrix and the latest state estimates.

'Tn mathematics, bi-cubic interpolation is for interpolating data points in two dimensions.
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3.2.3 Theory of the Kalman Filter

The Kalman filter formulation is based on the update algorithm shown in Eq. 18:

Tp=Tp 1+ Ky, [yn — Hy (2_1)] (18)

In this equation, x,, is a posteriori state estimate at updating increment n, z,_; is a
priori state estimate, y,, is the noisy observation, H,, is the function of exact relation
between the state parameters (e.g. material constants) and the measured variables,
and the correction at each time increment is made by the Kalman gain matrix, K.
The difference [y, — H, (,_1)] in this formula is called the measurement innovation
which shows the discrepancy between the predicted and the actual measurement. K,

is calculated from Eq. 19:

K, = P,hTR! (19)

where P, is the measurement covariance matrix as calculated from Eq. 20:

P, =P,y — Py yhY [hyPy 1hT + Ry~ haPyy (20)

In this equation R, is the error covariance matrix and is related to the measurement
error. Gradients of H,, with respect to the z,, are contained in matrix h,,.

The flowchart of parameter identification process using the Kalman filter is shown
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in Fig. 17 which shows that the process starts by assigning an initial estimate af-
ter which each estimate is performed incrementally by calculating the matrices of

gradient, covariance and the Kalman gain.
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Figure 17: Flowchart of parameter identification based on Kalman filtering.
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The convergence characteristics of the Kalman filter depends on factors such as
initial estimates, measurement error and accuracy of the H, and h, functions. A
successful Kalman filtering process for material parameter identification requires an
appropriate range for unknown variables, selection of a reasonable time increment,
preparation of a reference data source for the measurement variables and their gra-
dients with respect to estimation variables, and determination of suitable values for

the matrices of covariance, Py and R,,.

3.2.4 Kalman Filter Implementation for FEM Based Inverse
Parameter Identification

As previously mentioned, the Kalman filter can be adopted for inverse identification
problems. In this research, the Kalman filter is implemented for the identification
of hyperelastic and hyper-viscoelastic (HV) material properties based on indentation
tests. By measuring the indentation load and depth of the indentation, and provid-
ing this information along with results of the FE model of same procedure to the
Kalman filter algorithm, the underlying model of the material is identified in terms
of hyperelastic and HV material model parameters. A schematic of the algorithm
for the Kalman filter that is applied when identifying material parameters is shown
in Fig. 18. As shown, a mechanical test of indentation is employed for identifying
hyperelastic material parameters, o and . The FE model is evaluated prior to the
identification processes. The indentation force is calculated in parameter space at

each indentation depth increment.
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An example of an indentation force surface, in a 2D parameter space of a and p,

is shown in Fig. 19.

{Mechanical test
Indenter with
ball tip '
Soft foams
Indentation data from Referenge data frpm
the mechanical test FEA of indentation
meas
/a S (o, )
Y
Initial
estimation Interpolation
Xo = (0, 1) J
Y
Gradient
i routine

Kalman filter |

calculations |

Evaluation request for recent estimate

3
)
Y I
R:
Most recent
estimates
'xn = (a‘ n?o “‘n )
Y
Output
xn = ((x’ no l"l’n )

Figure 18: Schematic of the procedure for identifying first order hyperelastic material
parameters using the Kalman filter and FE analysis.
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Figure 19: Surface of indentation force in the parameter space (o and ) at two different
depths of the indentation process, di and ds.

The measured indentation load (f¢**) is selected as the measurement variable
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or noisy observation (y,) and displacement of the indenter is selected as the filtering
increment or process time increment (n). Unknown hyperelastic parameters are de-
fined as x, = (au, pn)?. In Eq. 18, the function H, (z,_1) is the exact value of the
indentation load at the latest state variable estimation x,_;. This function is a repre-
sentation of the exact model of the indentation process and is created by FE analysis
of the indentation, similar to that described in variance measurement method. As
previously mentioned, the parameter h,, is a gradient of the function H,, with respect
to the material parameters, o and p. The measurement covariance is a 2 X 2 matrix

and its initial value is calculated as Eq. 21:

(Aa)®> 0

0 (Ap)’

where Ao = Qe — Qmin a0d Al = fhypae — fmin- In the error covariance matrix,
R generally corresponds to the estimated maximum measurement error as R, = R?
where R = |f¢"| . The value of R can be considered as constant throughout the
analysis. Matlab code of the parameter identification based on the Kalman filter is

presented in Appendix D.

3.2.5 Bounded State Space Estimation

Since each member of the material parameter space (e.g. « and p in this research)
in the pre-evaluated numerical model is a scalar with a range that is bounded by

feasible upper and lower levels, it follows that the parameter space itself is bounded
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in all dimensions. Depending on the state (material parameter) space geometry, the
estimated value might fall beyond the feasible region of parameters. As explained
in theory of the Kalman filter method, reference data are generated in a reasonable
range of material parameters by evaluating the FE model at reasonably distributed
equidistant grid points of the parameter space. However, an improper selection of
the initial estimate might lead the Kalman estimation path to the boundaries of the
parameter space, and further estimation might require a nonexistence function value
from the reference data and related gradients, namely H, (x,_1) in Eq. 18 and h,,
in Eq. 20. This condition would stop the parameter estimation of this process and
provide a spurious output reading. Although there is no general method to handle
the bounded state estimation in Kalman filter theory, some efforts have, nonetheless,
been made in this respect. For instance, the estimates which are out of state space
bounds can be projected onto the boundary of the feasible region [111-113], or in state
estimation of non linear systems with unscented Kalman filter?, the shrinking of sigma
points is proposed in [93]. Since the linear Kalman filter method is employed in this
research, the projection method fits the estimation problem very well. A schematic
example of the projection in a two-dimensional parameter space (e.g. a and p) is

shown in Fig. 20.

2The unscented Kalman filter is used in highly non linear systems. In this method, several
sampling points (Sigma points) are produced around the current estimate. Then these points are
propagated through the non linear map to get more accurate estimation of the mean and the co-
variance.
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Figure 20: Schematic of the projection method for bounded state estimation using the
Kalman filter method.

Another bounded estimation method is also implemented in this work, which
involves penalizing of the Kalman gain (K'), which prevents the estimator from in-
denting to the infeasible state space. The idea of penalizing is employed to add a
repelling property to the state space boundary. The marginal Kalman gain (K in

Eq. 18) for upper and lower bounds of the state space is calculated as shown in the
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following precursors to Eqs. 22 and 23:

T = Tni1 + K [yn — Hy (20-1)]

Ty <" = w1 + Ky [y — Hy (1)) < 2"
Ty > 2" = 2y Ky [y — Hy (20-1)] > 2™
Ko [yn — Hy (n1)] < 23" — 20

Kn [yn - Hn (zn—l)] Z ffgun — Tp-1

max

Ty, — Tp-1

K, < 22

- Yn — Hn (xn—l) ( )
xmin — Ty

K,> " 23

- Yn — Hn (xnfl) ( )

mazx min

where, x;"** and z}"" are upper and lower bounds of the state space.
By converting the inequalities of Eqgs. 22 and 23 to equalities, a penalty coefficient

(C},) was introduced to Egs. 24, 25, 26 and 27:

max

ifz, > a2 K, > 0= K, = (1-C,) yfb_ H:(J;;_ll)’ 0<C, <1 (24)
ifan <apin, K, > 0= K, = (1+C,) yfg_l; é:l), 0<C, <1 (25)
ifz, > 2, K, < 0= K, = (1+C)) ngia;;é:_ll)7 0<C, <1 (26)
i, <M K, < 0= K, =(1—C,) y:g_”;[; (J;:) 0<C, <1 (27)

The value of the penalty coefficient in the above equations determines the repelling
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power of the state space boundary.
In addition to the projection and penalty methods, extrapolation of the state space

is also employed in order to prevent failure of the identification process. Although the
extrapolation prevents failure of the estimation process, the estimation itself might not
actually converge to a desired solution. Nearest neighbor extrapolation method was
employed in this research which assigns values of the nearest neighbor on the boundary
for the requested extrapolation point, as shown schematically in Fig. 21. This shows
how force is extrapolated for a problem of material parameter identification with two

parameters, a and p. Surface of indentation force is represented in material parameter

space at an indentation depth increment.

AN 2210, “onEIuSp, 7

Nearest neighbour

Extrapolated grid point
(o< ot,y)

Indentation force
Figure 21: Example of nearest neighbor extrapolation method for calculating indentation

force. aynin is boundary of the « state.
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3.2.6 Parametric Finite Element Model of the Indentation

As mentioned in previously, storage matrices are constructed for storing the FE model
analysis results. In order to construct these matrices, a parametric FE model of inden-
tation test was constructed consisting of the material constants that are the primary
objective of the identification process. For the purpose of constructing the parametric
FE model of indentation, Abaqus software and an axi-symmetric model of indenta-
tion were used in this research. The constructed model is shown in Fig. 6(a). The
iso-surfaces of the Von Mises stress are shown with color contours from which different
modes of deformation can be observed in the material. In this model, hyperelastic
and HV material models were used to replicate the mechanical behavior of the hyper-
elastic foams as well as biological tissues. These models are explained in Sections 2.2
and 2.3.

According to the results of Chapter 2, the foams studied in this research possess
first order hyperfoam mechanical behavior. Therefore, the first order hyperfoam
model employed in our indentation model has two material parameters, the initial
shear modulus, u, and the parameter o which is related to the shape of the stress
strain curve and has no physical interpretation. The FEM storage matrices were
constructed by analyzing the indentation model in the uniformly divided parameter

space of (u,«) for the hyperelastic model and (u,«, D, g, k,7) for the HV models.
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Following ranges were used for these parameters:

l<a<24 0.0005 < p < 0.3
1<D<A4 0.0005 < g <1
0.0005 < k<1 O<T<?2

The storage matrices were then constructed by (30 x 30) and (3 x 3 x 3 x 3 X 3 x 3)
members of indentation force curves, respectively for hyperelastic and HV models (the
ranges of hyperelastic and HV model parameters were respectively divided uniformly
by 30 and 3 grid points). As an example, the indentation curves of five various

members of hyperelastic parameter space are shown in Fig. 22.

84 a=10 1©=02

Indentation force (N)

Time (s)

Figure 22: Sample curves of indentation force. These curves are part of the parameter
space of storage matrix for FEM analysis results and are calculated using a FEM model
with five different sets of parameters: (1) @ = 10 and p = 0.2 (2) a = 10 and p = 0.15 (3)
a=10and p=0.1, (4) a = 10 and p = 0.05, (5) a = 10 and g = 0.005.
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A constant velocity boundary condition is defined for the indenter to indent into
the material. Since experiments were performed at three different indentation ve-
locities (V' = 1,2 and 4 mm.s™!), the FEM analysis results storage matrix was
constructed separately for each indentation velocity. A Python code was written for
the Abaqus Python interface in order to automatically analyze the model in each
desired parameter space in order to extract the required information for the storage

matrices in a data format suitable for the Matlab Simulink.

3.2.7 Indentation Force Probe

A straight rod with a force sensor mounted on its end and a ball transfer unit attached
to tip of the sensor was employed in this research. This probe, shown in Fig. 23,
consists of an aluminum rod with a gripping handle machined at one end and a force
sensor mounting hole on the other end. A strain gage based load cell is employed as
the force sensor and a ball caster (ball transfer unit) is attached to one end of the

sensor to allow free rolling on the soft material.
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Bridge circuit and A/D

Load cell

703 / Ball caster
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Figure 23: Force or tactile probe used for the indentation process.

3.3 Experimental Method

In order to evaluate the proposed algorithm, a testing scenario was setup analogous
to that used during MIRS procedures. This setup consisted of the proposed identifi-
cation algorithm implemented in Matlab and Simulink software environment, a CRS
CatalLyst 5 robotic arm and the explained force probe. The schematic of this setup
is shown in Fig. 24.

Identification algorithm
& robot control software

; Force probe
- - PC _
= b A(*) < |
VRV Tissues or
o = Joint driving Soft foams
© si
e C500 o gnals
Catalyst 500

controller

Figure 24: Schematic of test setup for real-time parameter identification.
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The robotic arm was controlled by using the inverse kinematic controller software
provided by Quanser Inc. and the force probe was held by the gripper located at the
end effector of the arm. The identification experiment was performed on four soft
materials containing hyperfoam material properties and three biological tissues with
hyper-viscoelastic material properties. As an example, the mechanical compression
test results of the foams are presented in Fig. 25 from which it can be seen that these

materials exhibited severe non-linear deformation behavior.

140
1 ——A2(3/4inch)
120 - ---EVA(1/2inch) / !
|~~~ ICF400(1 inch) |
100 -----B1(3/4inch) '!
= - " i
S 80 -!
@ 60-
@ 40+
20+
0
5 100

Strain (%)

Figure 25: Compression test results of non-linear compressible foams used in this re-
search. Four elastomeric foams are used as: closed cell sponge neoprene (B1), one-inch
thick PVC/NBR polymer (ICF), open cell polyether (A2) and closed cell ethylene vinyl
acetate (EVA).

A block diagram of the test setup is shown in Fig. 26 in which the dotted rectangle
represents the material cart. The global position of the face center for each material

is stored as (z,y, 2),,.
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Figure 26: Simplified block diagram of test setup for identifying real-time material prop-
erties.

The test setup itself is shown in Fig. 27. Four soft foams and three different bio-
logical tissues were used in this experiment, Mat. A represents B1, Mat. B represents

ICF, Mat. C represents A2 and Mat. D is EVA.

Figure 27: Test setup for identifying real-time material properties.

Two separate Simulink models were constructed for this test setup of which one
included the robotic arm control blocks based on robot’s inverse kinematics. Positions
of the foams are stored in this block, and the arm was programmed to perform

indentations of 4 mm depth on each material at their location. Curves of indentation
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force were also obtained with the same setup for each material.
The indentation curves are shown in Figs. 28 and 29. Curves were achieved by
the described robotic arm test setup. A slight deformation rate dependency can be

seen in these curves.
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Figure 28: Curves of indentation force versus indentation depth of foam materials.
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Figure 29: Curves of indentation force versus indentation depth of biological tissues.

Another database of material list was also added to the algorithm in addition to
the material property database. In this database, indentation curves of known ma-
terials were added, along with some dummy curves, in order to statistically evaluate
the algorithm accuracy in distinguishing material type in the identification process.

Curves of this database for foams are shown in Fig. 30.
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Figure 30: Average of indentation force curves at different indentation rates for recognizing
the material type. Dummy curves are added for evaluating the accuracy of the algorithms
and increasing the computation load.

3.4 Results and Discussion

Using the test setup shown in Fig. 27, identification experiments were performed with
three indentation velocities, V = 1, 2 and 4 mm.sec™!. In order to statistically assess
the overall performance of the system, the robotic arm software was programmed to
perform the indentation in a random manner. One-hundred and fifty random inden-
tations were performed at each indentation rate. A constant seed was used for the
random number generator, therefore the same sequence was repeated in each experi-
ment. Results of this experiment on foams, using both the variance and Kalman filter

1

methods at the indentation rate of V' = 2 mm.s™', are shown in Figs. 31 and 32. As

can be seen in these figures, material B1 exhibits a time-dependent behavior in which
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the initial shear modulus decreases as the number of indentations increases. Although
this time dependency causes a deviation in parameter estimates, this deviation is al-
leviated by using the average values of several sequential indentation experiments
and by increasing the indentation velocity. For example, the deviation of identified
parameter « for material B1 at indentation rates of V = 1, 2 and 4 mm.sec™! was
28%, 21.3% and 7.3% . This effect can be explained by the fact that, by increasing
the strain rate, the viscous property of the material is relatively eliminated. This
effect can also be seen in Fig. 28, as the difference between indentation curves at

1

indentation velocities of 2 and 4 mm.s™* are smaller than those at velocities of 1 and

2 mm.s—!. Statistical material recognition results of these experiments are presented

in Table 3.

Table 3: Statistical results of real time identification at various indentation rates using the
variance method.

Indentation rate Successful recognition percentage (%)

Bl A2 EVA ICF Total
1 mm.s™! 92.1 100 96.8 100 96.7
2 mm.s~! 76.0 97.6 100 100 91.3
4 mm.s* 100 976 94.1 100 98
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Figure 31: Identified initial shear modulus of specimens in real-time material identification
using the variance and Kalman filter methods.
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Figure 32: Identified parameter (a) of specimens in real-time material identification using
the variance and Kalman filter methods.

In Table 3, the statistical results are tabulated for real time identification ex-
periments performed at various indentation rates using the variance measurement
method. The same seed was used for the random number generator. In each experi-
ment, B1, A2, EVA and ICF are contacted 50, 42, 34 and 24 times, respectively.

Also, as can be seen in Figs. 31 and 32, the Kalman filter yields higher accuracy
compared to the variance method at the same indentation rate. Experiments were

1

performed at an indentation rate of V' = 2 mm.s™". Scatter points are the outputs

of identification algorithm for each material. Dashed lines represent the value of p
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parameter obtained from inverse modeling with global method of MultiStart opti-
mization based on Nelder-Mead algorithm. The Penalty method was employed for
bounded estimation with the Kalman filter. The statistical result of material recog-

nition using the Kalman filter method is shown in Table 4.

Table 4: Statistical results of real time identification at various indentation rates using the
Kalman filter method.

Successful recognition percentage (%)

Bl A2 EVA ICF Total
98.3 100 99.6 100 99.3

In order to compare the performance of the bounding methods, a reference database
was prepared and an indentation force curve used for identification purpose of mate-
rial properties in which the initial shear modulus was very close to the boundary of
the feasible region. In this benchmark, reference data was selected between the ranges
of 0.5 < a < 24 and 0.005 < p < 0.1. An iterative task of identification was defined
in order to estimate the material parameters using the Kalman filter method based on
penalty, projection and nearest neighbor bounding algorithms. The initial estimate
for the Kalman filter algorithm was selected as a variable, uniformly distributed on
the state space (20 x 20 combinations of « and p over feasible region). Results of this

benchmark are shown in Fig. 33.
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Figure 33: Comparison of identification results obtained using the penalty, nearest neigh-
bor extrapolation and projection methods. Bounds of the acceptable range for each param-
eters are shown with dashed lines. The parameter to be identified (u) is close to boundary
of the feasible state space.

This specific identification task shows higher number of successful identifications
obtained by the nearest neighbor bounding method in comparison with the projec-
tion and penalty methods. Also the penalty method exhibited a more successful
estimation compared to the projection method. However, in a normal reference data
(estimate variables at around central region of the parameter space), successful rate
of the parameter estimation by the Kalman filter, bounded by the projection and
penalty methods, was greater than the nearest neighbor bounding algorithm. For
instance, a similar iterative benchmark of Fig. 33 was performed for identification

with the Kalman filter but with estimation variables located around central region of

the feasible state space. Results of this benchmark are shown in Fig. 34.
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Figure 34: Comparison of identification results obtained using the penalty, nearest neigh-
bour extrapolation and projection methods.

In Fig. 34, the bounds of the acceptable range for each parameters are shown
with dashed lines. Parameters that are to be identified (o and p) are at the central
region of the feasible state space. As can also be seen, some of the identifications
with the nearest neighbor method did fail but, however, all the identifications using
the penalty and projection methods were successful.

Real time implementation of any algorithm demands a minimal amount of process-
ing power to guarantee successful execution. In this research, the ratio of processing
time (CPU time) in relation to the elapsed wall clock time was used as a criterion to
measure the required processing power for either the variance or Kalman filter iden-
tification methods. For this purpose, one-thousand identifications tasks were defined
and performed using both methods in which the duration of each task was governed

1

by the indentation rate. For example, for an indentation rate of 2 mm.s™", each
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identification task took two seconds to perform, assuming that the identification be-
ing performed was with an indentation up to of 4 mm in depth. Measurement was
performed for each method on a workstation using the Matlab software running in
single processing core mode at high priority to ensure least CPU time sharing in the
operating system. All calculations were run on an Intel® Core™ i7-3770 at 3.9 GHz
with 16 GB RAM with Windows 7 64-bit and MATLAB® R2014a. The CPU time
for the defined repetitive task was measured at 1.513 seconds and 1, 304.61 seconds
for variance and Kalman filter methods, respectively. As can be seen, the variance
method is very cost effective in terms of computation time compared to the Kalman
filter method. In fact, in the same CPU configuration, real time identification at an

indentation rate of 4 mm.s™!

would not be possible due to the required CPU time
of 1,304.61 seconds which is greater than the duration of the indentation process. It
should be noted that the majority of elapsed CPU time in the Kalman filter method
is related to the interpolation step which is, in fact, assumed as being an advantage

over the variance method. However, as the results show, this advantage costs about

900 times more in term of the processing power.

3.5 Conclusions

In this chapter, two methods of real time parameter identification were proposed for
nonlinear soft materials. The proposed methods were based on variance calculation

and parameter estimation using the Kalman filter algorithm. Both the methods were
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based on inverse FE modeling of mechanical indentation test. The FE model of in-
dentation was pre evaluated in feasible range of material parameters and used as a
reference data source for both the methods. Results were illustrated and compared
in terms of precision and computing time. It was found that the variance calculation
method required much less computation time compared to the Kalman filter method,
which makes it suitable for real time identification procedures at high indentation
rates. Although the Kalman filter method showed less scattering in identified parame-
ters, it was prone to failure and, in some cases, was unable to achieve good convergence
characteristics in contrast to the variance method. The proposed bounding methods
for the Kalman filter estimation were implemented and their results compared. It
was found that the Nearest Neighbor extrapolation method yields better results in
certain estimation processes such as if the estimate is selected on the state space
boundary. However, during the normal identification processes, the Projection and
Penalty methods yielded better results compared to the Nearest Neighbor method.
The performance of both algorithms were assessed in material parameter identifica-
tion and was found to yield a performance success rate of greater than 90% based
on experiments in which random indentations (150 indentations per experiment) and
three different indentation rates were employed. It was also found that increasing the
indentation rate leads to more accurate and repeatable results, which perhaps is due
to the reduced viscous behavior of the studied materials. Identification results, from
both the variance and Kalman filter methods, were found to be comparable. However

the way these methods work leads to discrete estimate space for the variance method
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and continuous space for the Kalman filter method with less scattering. Two meth-
ods of bounding were proposed for the Kalman filter parameter estimation based on
Nearest Neighbor extrapolation and the Penalty method. The bounded estimation
of the Kalman filter, using the two proposed methods, was found to be more accu-
rate compared to the conventional projection method. The required processing time
was found to be considerably less for the variance method compared to the Kalman
filter method. However, the variance method was found to be more suitable for real
time application of identification with higher indentation rates in robot assisted MIS.
The advances in the techniques of determining the nature of material properties by
artificial means, as detailed in this paper, has undoubtedly pushed the frontiers of
knowledge of a hitherto little understood and somewhat neglected field. Our purpose
and ambition is to undertake more research in order that the use of tactile sensor
devices, and its use in MIRS for every conceivable kind of surgical procedure, will
soon become de rigueur among the medical fraternity at large. In view of the strides

that we have made over the past decade, that day can surely not be far away.
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Chapter 4

Design and Model-Based Control
of Magnetorheological Fluid-Based

Softness Display

Softness displays are generally used to replicate the behavior of a range of virtual
materials or objects. How realistically a softness display can recreate real and virtual
materials, depends on the interaction between the pad of the finger and the softness
display. One of the main parameters in human softness perception is the area between
the pad of the finger, and any material with which it comes into contact. In order to
display the degree of softness of the material, it is necessary to either have complete
control of the surface geometry of the material with which the finger pad makes
contact or to replicate the mechanical behavior of the soft material itself. In this

research, Magneto Rheological Fluid (MRF) is employed in order to recreate the
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nonlinear mechanical behavior of a range of soft materials. A softness display is
developed based on MRF and an algorithm is proposed for controlling the display
by changing the yield strength of the MRF by varying the magnetic flux density. A
Finite Element Model (FEM) of interaction between the finger pad and soft materials
is developed and used for design of a model based controller for the display. The
curves of the contacted area versus contact force, resulting from interaction of the
finger pad and the proposed display, are validated in experiments and found to be
in good agreement with the FEM. The design and control algorithm of the softness
display, finite element model and experimental results are presented and discussed in

this chapter.

4.1 FE Model of Finger Pad Interaction with Soft

Materials

In this research, human finger pad interaction with soft materials and rigid bodies
is modeled using the FE method. Four main components of the human finger pad
that are considered in the FE model are skin, subcutaneous tissue, bone and nail.
Dimension and geometry of the finger pad components were chosen based on the
anatomy of an average male index finger [114]. The schematic of the two-dimensional
model is illustrated in Fig. 35. In this figure, (a) shows the schematic of the basic
components of the human finger pad in distal phalanx; (b) shows the 2D FE model

geometry, extracted from cross section of finger pad as well as boundary conditions
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related to a hard contact condition; and (c¢) shows boundary conditions for a soft
contact case. The constant velocity boundary condition, V', applied on three nodes
at the center of the bone. The mechanical properties of the finger pad components
are modeled based on published data [115]. Nail and bone are assumed as being
linear elastic whereas skin and subcutaneous tissue are modeled based on hyperelastic
and viscoelastic mechanical behavior, respectively. The material properties used in
the finger pad model are presented in Table 5. The Ogden strain energy potential
function is used for defining hyperelastic behavior and the Prony series is used as

being a constitutive model of viscoelasticity.
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Figure 35: (a) Schematic of basic components of human finger pad in distal phalanx. (b)
2D FE model geometry, extracted from cross section of finger pad. (c¢) Boundary conditions
for a soft contact case. Constant velocity boundary condition, V', is applied on three nodes
at the center of the bone.
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The driving force for pressing the finger pad against the rigid and soft materials is
generated by muscles in the finger, wrist and arm. The resulting force is transferred to
the contacted material through the skin, tissue and bone in the finger pad. Therefore,
the driving boundary condition in the FE model is applied to nodal points at the
center of the finger pad bone component as shown in Fig. 35(b), and the reaction
force is calculated as being the sum of the reaction forces on these nodal points. In
order to simplify the model and avoid undesirable effects of dynamic finger movement,
a constant velocity boundary condition is applied in the vertical direction toward the

1

contacted material with relatively low displacement rate of 2 mm.s™" in order to avoid

inertial force and impact loading effects [60,61].

4.1.1 FE Model Validation in Hard and Soft Contact Exper-

iments

Experiments of finger pad contact with rigid and soft surfaces are performed and the
resulting contact area and contact force are measured for validation of the developed
FE model of the finger pad. In these experiments using the test setup as shown in
Fig. 36, three subjects were requested to push their ink-stained index finger against
surfaces of a soft polymer as well as a rigid plate which were covered by a thin cloth
and paper sheet in order to capture and measure the contact area. A force sensor
was placed under the rigid plate and block of the soft polymer to measure and record
the contact forces. First, while viewing a force indicator on the computer monitor,

subjects were asked to push their index finger against a rigid plate with various
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forces, starting with a very slight pushing force of about 0.5 N, and then gradually
increasing to 10 N. After each contact, the paper sheet was readjusted to record
a new fingerprint while the force sensor recorded the force data continuously. The
same experiment was repeated using soft polymeric foams. The test setup is shown

in Fig. 36.

This and
soft cloth

Force sensor Elastomeric
foam

Index finger pad ~ WinTest software
in contact

Figure 36: Test setup of the finger pad contact with rigid and soft materials.

Curves of the contact area versus the contact force were generated from recordings
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of the force sensor by measuring the pertaining contact area from fingerprints formed
on the thin cloth and paper sheets. As can be seen in Fig. 37, the contact area of the
sample captured finger prints for both the rigid and soft contacts possess an elliptical
shape. Assuming a perfect ellipse for the shape of the contact region, areas of the

contact were calculated by measuring two radiuses of the elliptical finger prints.

3.02N 2.2 N 115 NEiSEaa

a=10mm,

11.7mm* 11.1 mm* 10.5 mm *
I533mm 14.7mm 133 mm

15 mm

Figure 37: Finger prints recorded for the purpose of contact area measurement.

Similar data was acquired from the FE model of the finger pad contacted with
the rigid surface and deformable foams with nonlinear elastic (hyperelastic) material
behavior. Material properties of hyperelastic foams used in this investigation are
shown in Table 5. Hyperfoam constitutive model of Abaqus software was employed
for definition of the deformation behavior of foams. Since neither the amount of in-
dentation in the soft material nor vertical displacement of the finger pad was recorded
in the soft and rigid contact experiments, the contact area was calculated against the
contact force. The resulting curves and data points of the contact area versus the
contact force are presented in Fig. 38. As it can be seen in this figure, there is a good

agreement between the experimental data points and FE model curves of the contact
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area versus the contact force.

In Table 5, materials used were /2 inch. thick (closed cell ethylenevinyl acetate
(EVA) and 1 inch thick PVC/NBR (ICF) polymeric foams. Since EVA and ICF are
assumed as being fully compressible materials, Poisson’s ratio is therefore set to zero.
As can be seen in Fig. 38, the measured experimental data conforms to the equivalent

calculated curve from the FEM.

400
1 aA = EVA, Experiment
3504 | - - - -EVA-FEM
1 A A |CF, Experiment
04 /== ICF, FEM
& 1 i e Hard Contact, Experiment
E 2504 4 Hard Contact, FEM
= : " . a8
8 2004 ; --7
= }i
o 1504 *—o
§ 50 1
- !
Q 100
38 |i
50
0 T T T T T T T T T T T T
0 2 4 6 8 10 12

Contact force (N)

Figure 38: Data points of contact area and contact force measured in the experiment
compared to the contact area and contact force curves calculated from the 2D FE model.

4.1.2 Axisymmetric FE Model of the Finger Pad

In addition to the 2D model explained in this section, the finger pad contact with soft
materials is modeled in an axisymmetric mode as well. As it can be seen in captured
finger prints in Fig. 37, the contact area for both the hard and soft contacts possess an
elliptic shape, which is not in agreement with the circular and spheroidal cap shaped

contact areas calculated by axisymmetric FE model. In reality, contact surface in hard
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and soft contacts of human finger pad, possess elliptic flat and ellipsoidal cap shapes.
Therefore, correction factors are required to compensate the deviation in results due
to axisymmetric assumption in the FE model. Elliptic and ellipsoidal cap shaped
contact surfaces are schematically shown in Fig. 39. Assuming that shape of the
obtained finger prints from hard contact experiments are perfect ellipse, a correction
parameter is derived from finger prints as ratio between two diameters of the ellipse.
As shown in Fig. 39a, having this correction parameter, the obtained hard contact
area from axisymmetric model can be converted to the equivalent elliptic contact area
of finger pad with rigid surface. Similarly, assuming a perfect oblate ellipsoid cap
shape (Fig. 39b) contact area in soft contact between finger pad and soft materials, a
correction factor is achieved for converting the calculated spherical contact area from
two dimensional axisymmetric model to equivalent ellipsoidal contact area in three

dimensions.

(a) (b)

Figure 39: Schematic of ideal contact areas measured from captured finger prints and
calculated from FE models. (a) Hard contact surface area obtained from hard contact
of symmetric finger pad (ellipse of radii a and b), and axisymmetric FE model (circle of
radius a). (b) Soft contact surface area obtained from soft contact of symmetric finger pad
(ellipsoidal cap of base radii a, b and ¢), and axisymmetric FE model (spherical cap of base
radius a).
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The contact area in axisymmetric model of finger pad in contact with rigid (hard)
surface (A 4), is calculated from the length of the contact line a, as radius of circular
contact surface, as illustrated in Fig. 40. The correction factor k, is defined as ratio
between radii of the elliptic finger prints, a and b of Fig. 39a. Therefore, equivalent

symmetrical elliptic contact area (A g) was calculated as following:

Aga = ma’ (28)
k== 29

' (29

Ay s =mab = kra? = kAm.a (30)

Skin

Tissue

Bone

Flat circular contact surface

Figure 40: 180 degrees sweep of axisymmetric model of finger pad contact with rigid
surface shown in Fig. 35. Circular contact area with radius a equal to the length of the
axisymmetric contact line is illustrated.
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On the other hand, in axisymmetric FE model of the finger pad in contact with
soft materials, the contact area Ag 4 is achieved by calculating surface area of 360°
revolution shape of base radius a and height ¢ (Fig. 39b). The curved contact line is
schematically shown in Fig. 41. The correction factor k is defined as ratio between

two radii, a and b, of the elliptic fingerprints.

Curved contact line

Figure 41: Illustration of the indentation depth c, and curved contact line in axisymmetric
FE model of contact between finger pad and soft material. Points, m and n are beginning
and end points of the contact line.

Assuming that the revolution shape is a spherical cap of radius r and height c,

the contact area Ag 4 can be calculated as following:

Ag a4 = 2mrc (31)
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The correction factor, k, is defined as ratio between two base radii a and b:

ISHIS

(32)

Indentation depth ¢, is illustrated in Fig. 41. It should be noted that, depth of the
indentation is different from the amount of bone displacement or the displacement due
to the velocity boundary condition. This difference is shown in Fig. 42. Indentation
depth ¢, is calculated from the difference between vertical coordinates of lowest node
of the finger pad model (beginning of contact line, point m in Fig. 41) and the varying
node in contact at the end of the contact line (point n in Fig. 41). Also, it can be
seen that the same moving boundary condition V;,4, in finger pad contact model
on different soft materials, shows different indentation depths, which is a result of
different deformation behavior. The difference in deformation behavior is also shown

in Fig. 43 and as change in contact surface.
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Figure 42: Comparison between depth of indentation and amount of finger bone displace-
ment calculated by FE model of finger pad contact with two soft materials. EVA polymeric
foam is harder than ICF foam, therefore under skin tissue is subjected to more deformation
than the ICF foam, during the finger contact.
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Figure 43: Change in contact surface between finger pad and polymeric foams (EVA and
ICF). 90 degrees sweep of the axisymmetric FE model is constructed with Abaqus software.

Having the contact area Ag 4 and indentation depth equal to height of the spher-

ical cap (c in Fig. 41), the main radius r, of the hypothetical sphere in contact with
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the soft material is calculated as following;:

Ag A
r = —-
2

This calculated contact radius for EVA and ICF foams is shown in Fig. 44
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Figure 44: Instantaneous spherical contact radius extracted from FE model of finger pad
contact with two different soft materials, EVA and ICF polymeric foams.

Equivalent symmetric contact surface is an ellipsoidal cap of base radii a, b and
height of ¢ with surface area of Agg. The ellipsoidal cap is constructed by 360°
revolution of an elliptic curve. Parametric equations of ellipsoidal cap in spherical

coordinates are as following:

x(u,v) =11 - cos(u)sin(v) (33)
y(u,v) = ro - cos(u)sin(v) (34)
z(u,v) =13 - cos(v) (35)
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where u and v are spherical coordinates, and 71, r, and r3 are main radii of ellipsoid.

Surface area of ellipsoidal cap can be calculated as:

Agss = // (sz‘n(v)\/rgsinz(v)(r%sinz(u) +r2cos?(u)) + r%r%cosQ(v)) du - dv

(36)
c

0 < v < acos (1 — —) (37)
r3

0<u<2m (38)

Assuming that, two of the main radii of the ellipsoidal cap, r; and ro, are identical,
surface area of the resulted oblate ellipsoidal cap can be calculated by the instanta-
neous spherical contact radius r, shown in Fig. 44, correction factor k, in Eq. 32, and
depth of the indentation ¢, shown in Fig. 42 which is used in upper bound of surface
area integration (Eq. 37). Therefore, the contact surface is an oblate ellipsoidal cap
of radii r and k.r, and height of c. Resulted contact area calculated by Eq. 36 is

presented in Fig. 45.
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Figure 45: Ellipsoidal contact area between finger pad and soft polymeric foams, EVA
and ICF, calculated from spherical contact radius, extracted from FE model, and correction
factor extracted from finger prints.

In order to achieve the contact force versus the contact area curves using the
updated contact area values shown in Fig. 45, the contact forces should also be
interpreted from axisymmetric to symmetric mode. For this purpose, distribution of
contact pressure and vertical contact force, on contact surface, in different analysis
steps, are calculated and shown in Fig. 46. As it can be seen, major contribution of the
reaction force and the contact pressure are transferred to the bone of finger pad from
central section of the model. It can be concluded that in a horizontally stretched
model, increase in contact force would be negligible in comparison to increase in
contact area. In order to prove this supposition, geometry of the finger model is
expanded horizontally with ratio equal to correction factor. The same indentation
analysis is performed on EVA foam. Result of this analysis is shown in Fig. 47 in a

sample time step. As it can be seen in this figure, magnitude of the vertical contact
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force is decreased in the stretched model and the extra force related to stretched
portion of the contact surface (Distance from center beyond 8 mm in Fig. 47) is very
negligible in comparison to the contact reaction force in whole contact surface. The
overall increase in reaction force due to horizontally stretching of the finger pad model
is calculated as 5.3%.

After calculation of both the changes in contact area and contact force, the inter-
preted curves of contact area versus contact force in symmetric model are presented
in Fig. 48. As it can be seen in this figure, the measured experimental data conforms

to the equivalent calculated and mathematically corrected curves from the FEM.
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Figure 46: Distribution of contact pressure and vertical contact force on EVA polymeric
foam in contact with finger pad. Contact pressures and vertical contact forces are calculated
at element nodal points of contact surface.
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Figure 47: Contact force distribution in time step ¢ = 4.0 s from original and horizontally
stretched finger pad models.
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Figure 48: Contact area versus contact force achieved from finger pad contact experiment,
and calculated from FE model of finger pad contact with rigid surface and soft polymeric
foam. The calculated contact area and contact force data are corrected based on results

from the experiment.
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4.2 Design and Modeling of the MRF based Tac-
tile Display

In order to have a compact design for the softness display, in which a relatively
strong magnetic field is concentrated in MR fluid, various designs were studied using
the finite element method (FEM). For this purpose, open source software FEMM 4.2
was employed to perform a 2D FE analysis on different designs. The employed 2D
planar approach uses first-order triangle elements and is explained in [116]. A number
of examined designs and related FE analysis results are presented in Figs. 49 and 50.
Nonlinear |B|-H curve of Alnico! magnet is used in these analysis. As it can be seen
in Fig. 50, the design (c) which represents a closed magnetic circuit shows higher and
more uniform magnetic flux density within the modeled MR, fluid.

As a result of these analysis, a ring-shape electromagnet design with a gap to
locate the MRF container, was found to be the best for this application as it provides a
closed magnetic circuit (by considering the MRF as a part of the magnetic circuit) and
minimum waste of magnetic flux in the circuit. A hydrocarbon-based MRF from the
LORD Corporation (namely MRF-122-2ED) is used in this work which is formulated
for general use in controllable energy dissipating applications. Curves of yield strength
and magnetic flux density, which are used in magnetic and mechanical modeling of the
MR fluid, are provided by the producer. For the ring shape core of the electromagnet,

1018 steel is employed and 770 uniform turns of 28 AWG copper wire is used for

! Alnico is family of iron alloys which in addition to iron are composed primarily of aluminium
(Al), nickel (Ni) and cobalt (Co).
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the winding. Fig. 51 shows the display design that consists of three components,
electromagnet with steel core, soft plastic container and magneto rheological fluid.
As can be seen in Fig. 51, the MR fluid container has two holes and is placed at
the gap of electromagnet ring in such a way that both ends of the ring are slightly
inserted into the container internal area. Both ends are fully fixed and sealed to
prevent MR fluid leakage. The result of the FE modeling is shown in Fig. 52 as
colored distribution of magnetic flux density (|B|). The Nonlinear curve of magnetic
flux density (|B|) versus magnetic field strength (H) in datasheet of MRF-122-2ED
from Lord Corporation is used in the electromagnetic FE model. In order to validate
the FE model results the flux density is measured at the center of the container, within
the MR fluid, using a Gauss meter. However, since the presence of the Gauss meter
probe has a disturbing effect on the magnetic field at this location, it is arranged for
there to be an air gap in the FE model at the center of the container. Measured and
calculated values of magnetic flux density at the air gap location are presented in
Table 6.

The FE model is validated by noting the agreement in the readings between the

actual and calculated values of the magnetic flux density.
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Figure 49: Sample designs examined for the electromagnet of the tactile display. (a)
Quadrupole magnet array with separated MRF at the center. (b) Quadrupole magnet
array and contiguous MRF at the center. (c) Closed circuit magnet design with MRF
included contiguously in the circuit. (d) Single magnet design with contiguous MRF. Green
arrows are representing the magnetization direction in each magnet segment.
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Figure 50: FE analysis of the designs shown in the Fig. 49. Flux density curves are
calculated along the dotted line shown in each design.
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Figure 51: (a) Schematic of softness display based on MRF. (b) Prototype of the softness
display. As a reference, length of the line MN is 30 mm.
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Figure 52: Magnetic flux density |B| map in the electromagnet and MR fluid.
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Table 6: Measured and calculated magnetic flux density.

Current Measured|B| FEM|B|
(Amps) (Gauss) (Gauss)

1.5 993 608
1.75 629 654
2.0 744 721
2.25 794 766
2.5 831 810

4.3 Model Based Control of the Plastic Deforma-

tion Behavior in MR Fluid for Softness Display

The yield strength of the MR fluid can be accurately adjusted by controlling the
magnetic flux density within the MR fluid [117]. Therefore, the MRF can transmit a
variable force by means of a controllable electromagnet. Fig. 53 shows the variation
of yield strength with magnetic field strength for the MRF used in this research using
the magnetic and mechanical properties of the said magneto rheological fluid. This
nonlinear curve of magnetic flux density (B) versus magnetic field strength (|H|) is

used in our electromagnetic FE modeling.
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Figure 53: Nonlinear curves of magnetic flux density |B| and yield stress versus magnetic
field strength H.

By employing an electromagnet and current control circuitry, the viscoelastic and
plastic (yield strength) properties of MRF can be controlled. For applications such
as softness displays, which involve relatively large amounts of deformation, the yield
strength of the MRF would be of more interest. Since the human softness perception
mainly occurs in the loading stage, unloading or material’s elastic recovery step would
not affect the whole perception process [54]. Therefore, having control on the yield
stress would be sufficient for recreating any arbitrary stress-strain loading path.

In this research, we have investigated the feasibility of replicating hyperelastic
material behavior by means of an MR fluid-based softness display. Since hyperelastic
materials ideally possess elastic mechanical behavior in which the stress is determined
by the current state of deformation, a nonlinear relationship exists between the stress

and the strain in these materials.
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The ability to replicate any stress-strain curve, in the loading cycle only, is demon-
strated with an FE model of compression test with variable yield strength material
property. Fig. 54 shows examples of compression tests in the FE model with material
properties of varying yield strengths. These models are developed using the Abaqus
software in which the yield strength is defined by field variables as a function of dis-
placement of moving platen boundary condition. These examples theoretically show
the possibility of producing arbitrary nonlinear stress-strain curves in homogeneous
deformation modes (e.g. standard compression) by controlling the yield strength
of whole bulk of the material. However, non-homogeneous deformation modes (e.g.
deformation of soft material due to human finger pad contact) would require lo-
calized control over the yield strength within the bulk of the MRF. For example,
non-homogeneity of stress distribution in a non-homogeneous deformation mode is
shown in Fig. 55 using the FE model of the human finger pad in contact with a soft
material. This result shows a spectrum of stress within the material at each moment
of the deformation unlike the stress field in uniform deformation modes. Therefore,
an average of the distributed stress is used to regulate the yield strength of the MRF

or the electrical current in the electromagnet of the proposed display.
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Figure 54: Stress-strain curves achieved by a FE model of a standard compression test
with elastic and variable plastic material properties.

121



ICF foam

Figure 55: (a) and (b) deformation of ICF foam due to contact of the finger pad. (c)
Mises stress distribution in ICF foam deformed due to contact of the finger pad.

The developed finger pad FE model is employed to extract the Mises stress at all
nodal points of the soft contacted material at each time increment of the simulation.
Fig. 56 shows normalized distribution of the Mises stress values in this model for the
ICF elastomeric foam in contact with the finger pad. This histogram is calculated with
a bin size of 1 K Pa. PVC/NBR polymer (ICF400) soft foam material property is used
for this model which possesses hyperelastic material behavior. Different yield strength
control scenarios are examined in this work using the FE model. Three different yield

stress control curves are achieved by calculating mean, median and geometrical mean
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of the Mises stress values of all the nodal points of the soft deformed material versus
the finger bone displacement. The same FE simulation is performed using these
curves as the material property in form of the variable yield strength. Then, in
order to decrease the error in reaction force and contact area between curves achieved
by actual material property and equivalent property of variable yield strength, an
optimization task is defined and performed. A cubic polynomial is considered for the
control curve and three coefficients of the polynomial are optimized to minimize the

difference in curves of the contact area and the reaction force.
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Figure 56: Mises stress distribution at nodal points of the ICF soft foam in contact with
the finger pad in the FE model. The graph is achieved by extracting the Mises stress values
at nodal points of the ICF foam model (shown in Fig. 55) at each step of finger movement
toward the ICF foam.
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The achieved yield strength curves, and results of FE simulation using these
curves, are shown in Fig. 57 and Fig. 58. As can be seen, the geometrical mean
and median yield relatively less error compared to the regular averaging. On the
other hand, the optimized yield strength curve resulted in optimum contact area and

reaction force among all these curves.
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Figure 57: Different control curves achieved by various average methods over Mises stress
values and optimization.
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Figure 58: Contact area and reaction force of interaction between the finger pad with ICF
and material with variable yield strength calculated by the FE model.

A test setup is built as shown in Fig. 59. A computer vision-based motion track-
ing system is employed to track the movement of the subject finger pad. Major
components of the test setup are shown in Fig. 60. Two soft foams, ICF and A2,
are employed for testing the proposed control algorithm. Control curves of reaction
force versus ampere are achieved from FE simulation of the finger pad contact with

the ICF and A2 material models, and magnetic FE model of the designed softness
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display. In order to achieve these control curves, the yield strength (o) is calculated

as a function of reaction force (F).) by optimization and the finger pad FE model:

oy = f1(F) (39)

Then the magnetic flux density (|B|) is calculated as a function of yield strength

using the datasheet provided by the manufacturer of the MR fluid (see Fig. 53):

1Bl = fa(oy) (40)

Then the magnetic FE model of the softness display is used to calculate the required
Ampere (A) for achieving the desired value of the flux density. This relation expresses

this current as a function of flux the density:

A= f3(|B) (41)

Linear interpolation is applied to the discrete data of these functions in order to
achieve similar data intervals. Then the relation between the reaction force (F,) and
the required Ampere (A) is calculated by replacing the independent variable of each

function with same dependent variable of another function:

A = f3(f2(f1(F}))) (42)
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The resulting curves for ICF and A2 elastomeric foams are shown in Fig. 61
which shows the relation between the reaction force and the required Ampere for the
electromagnet of the softness display. Curves are achieved for A2 and ICF elastomeric
foams. These curves are used as a lookup table inside the controller software of the
designed display. The controller software is designed in Matlab Simulink. The block
diagram of the controller software is shown in Fig. 62.

Remote Workstation

Control software
- Inverse/forward kinematic & PD controller
-D/Aand A/D

Force probe

U .
Joint drivin, Soft material

signals

Catalyst 500
controller

Motion tracking

Electromagnet
MR fluid

Load cell

MREF softness display

Figure 59: Schematic of the closed-loop system of the MRF based softness display.
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Figure 60: Components of the test setup. (a) Prototype of the display mounted for the
palpation experiment. (b) A still frame extracted during real-time image processing for
object detection and tracking in which the region of interest (ROI) is marked by a green
rectangle. (¢) Robot arm equipped with a force probe.
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Figure 61: Reaction force and required Ampere for the electromagnet of the softness

display.
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Figure 62: Block diagram of the softness display test experiment.
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4.4 Results and Discussion

Two softness recreation tests are performed using the explained test setup and the
proposed control algorithm. In these experiments deformation behavior of A2 and ICF
elastomer foams are mimicked by the proposed display. First, graphs of the vertical
displacement of force probe tip are obtained in order to evaluate the performance of
the vision system. An example of these graphs is shown in Fig. 63. Control graphs
of the two soft elastomer foams are used for evaluating the softness recreation of
the proposed display in the test setup. The reaction forces recorded by the force
probe, together with the load cell attached to the robot arm’s end effector and the
softness display, are shown in the graph displayed in Fig. 64. As can be seen from
this graph, the reaction force peaks (recreated by the softness display) show that the
loading phase is similar to the loading phase of the force probe in contact with the
soft material thereby demonstrating conformity to the reaction forces of the contacts
of the robot arm with the soft material and the human finger pad with the softness
display. However, as previously explained, there is no unloading phase for the softness
display.

Although the employed electromagnet was not strong enough for applications of
recreating stiffer material behavior, the experiments using the soft elastomer foams
show capability of the display and the proposed control method for recreating the

mechanical behavior in the loading phase. The represented results in this work show
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that the proposed control model and the display design are suitable for tactile ap-

plications such as displaying softness. Future work, such as recreation of softness

for stiffer materials, will necessitate the use of stronger electromagnet and amplifier

circuits.
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Figure 63: Outputs of the object tracking algorithm compared with output of the robot
encoder. Surface level of the MRF display is shown by dotted blue line. Contact between
the finger pad and the display happens when vertical position of the finger pad (vision
output) falls below the MRF surface level in the loading phase.
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Figure 64: Comparison between the reaction forces recorded from the force probe at the
robot arm end effector and the load cell attached to the softness display.
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Chapter 5

Contact Modeling and Control of
Linear Actuator Based Tactile

Display

Most tactile displays that have been introduced which are driven by a servomotor,
or other type of linear actuator, use the spring model to simulate the softness. From
a simplistic point of view, most materials can be modeled as a spring which, for small
strains, is good for characterizing the softness of the material. However, in large
deformations, the spring model cannot determine the behavior of the material with
any exactness. During the Minimally Invasive Surgery (MIS), a surgical endoscope
can apply large forces on tissues which results in a considerable amount of strain
on those tissues. Based on the above facts, a tactile display system was designed

which takes the nonlinearity in force-displacement into account. This tactile display
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comprises a linear actuator, a force sensor, and processing software. The system can
reconstruct the softness of different materials based on the mechanical properties of
those materials, and fingertip pulp deformation behavior.

In this work, the data of the mechanical properties of the materials were measured
and recorded. The effect of fingertip pulp deformation was applied to the material
model and used by the processing software for reproducing the same properties by
the tactile display. By calculating the dimension of the contact area, over which
the force is applied, these stress-strain data can be transformed to force-compression
which is used by the processing software to actuate the display. The data are saved
in lookup table in the processing software which gathers information from the applied
force to the shaft of a linear actuator and the position of the shaft. In conjunction
with this information, and using the lookup table, the response of the material to the
applied force is extracted from the table and used as the input to a PID controller
which prepares necessary commands to the linear actuator to move the shaft. Tuning
of the PID controller and robust stability of the controlled system are explained.
The experimental results showed that the developed tactile display can replicate the

softness of materials very accurately.

5.1 Tactile display system design

Although a complete tactile display needs a number of actuators, this study focused

on the methodology of gathering and interpreting material information by means
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of a tactile display. The realization of a comprehensive tactile display is merely a
matter of adding the number of sensors and actuators and miniaturization. Therefore,
as mentioned above, the tactile display system comprises a linear actuator, a force
sensor, and processing software. The linear actuator is used as a softness display and
the force sensor to measure the applied force by the finger to the tip of the actuator
shaft. The working principle of the system is to measure the force applied by the
finger to the linear actuator shaft, calculate the displacement of the shaft in response
to the applied force according to the mechanical properties of the simulated material,
and move the shaft to the calculated position to produce the sensation of softness.
Ideally the material properties will be measured in real-time. In this study, however,
the mechanical properties of several materials, such as the stress strain relation for
different objects, were measured off-line and stored in a material data base to be
processed eventually. By measuring the applied force to the actuator, and having
the contact area of fingertip and the cap, the applied stress can be calculated and
the related strain found using the characteristic curve of the simulated object. The
calculated strain was then converted to the displacement and used as the input to the
PID controller. Having determined the desired position of the shaft and its actual
position, the PID controller prepared the control commands for the actuator and fed

them to the driver circuit. Fig. 65 shows the block diagram of the system.
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Figure 65: Block diagram of the tactile display design. [54,118]

5.1.1 Linear Actuator

As explained in [54,118], the tactile display shown in Fig. 66, consists of a combination

of a linear actuator, Plexiglas cap, force sensor, shaft position sensor and current-

driver electronics. The stroke length of the actuator shaft is about 2 cm and can

apply a maximum force of 30 N. The cap is glued to the tip of the shaft and a force

sensor, placed on the cap, measures the force applied by the finger to the shaft. The

linear actuator can measure the position to an accuracy of within 0.5 mm.
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Figure 66: Elements of the tactile display. [54,118]

5.1.2 Force Sensor

The Force Sensing Resistor (FSR) is supplied by the Interlink Electronics Company
and is a polymer thick film (PTF) device whose resistance decreases in direct pro-
portion to the increase in force applied to the active surface. Its force sensitivity
is optimized for use in human touch control of electronic devices. To determine
the force-conductance relation for the FSR experimentally, several different standard
weights are placed on the active area of the FSR and its conductance measured. The

results are shown in Table 7.
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Table 7: Experimental results for determining force-conductance relation.

Force(gr) Conductance(!/a)
100 0.0733
200 0.1518
300 0.2151
400 0.2603
500 0.3589
600 0.4611
700 0.5314
800 0.6217
900 0.6774

The data plotted in Fig. 67 shows that the conductance in the FSR is almost

linear in relation to the applied force.
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Figure 67: The Conductance of the FSR versus force. [54,118]
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A line drawn through points derived from the experimental data in Eq. 43 is used

to relate the conductance ¢ and force f:

c=af+b (43)

where a = 0.079 and b = —0.016.
To measure the resistance (conductance) of the FSR, we used the electric circuit

shown in Fig. 68 from which the conductance of the FSR can be calculated using

Eq. 44.
1 1
V, = K Vi=C=-=——— (44)
R+r T <VJr _ 1) R
2
V+
-4
ryfe
+ V., Data
R Acquisition
L P Card

Figure 68: The electric circuit for measuring resistance r. [54,118]

By combining Eqs. 43 and 44 we can find a relationship between the force F' and

voltages V, and V't as shown in Eq. 45.
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where a = 0.079, b = —0.016, R =10kQ, and VT =5 V.
Voltages V, and V't were used by the data acquisition card and the force was

calculated by the processing software using Eq. 45.

5.1.3 Shaft Position Sensor

A built-in linear potentiometer was used to find the position of the shaft. The rela-
tionship between the resistance of the potentiometer and the length of the shaft is

plotted in Fig. 69.
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Figure 69: The relationship between shaft length and resistance. [54,118]

Using the linear relation of the shaft length and resistance, the position of the
shaft can easily be determined by measuring the resistance of the potentiometer. To
measure the resistance, an electric circuit is used similar to that shown in Fig. 68

except that the FSR was replaced by a potentiometer. The relationship between the
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shaft length (1) and the measured voltage (V) can be found using Eq. 46:

1 b
= (46)
(35 — 1) Raa
where a = —0.080279, b = 2.5829, R = 10 kS, and V+ = 5 V.,
Therefore the applied force (F') and the displacement of the shaft (1) can be found

by using relationship between Eqs. 45 and 46.

5.2 Stress-Strain Curves

For this research work, the mechanical properties of several materials were determined
using mechanical ElectroForce® 3200 compression test instrument supplied by the
BOSE Corporation. Fig. 70 shows the results of this test using four different materials.

Each of the four rows in Fig. 70 shows a different elastomeric material. The
graph on the left shows the stress-strain curve and the graph to the right shows the
force-displacement relationship for the same material. Since the dimensions of the
test materials are known, the stress and strain can be calculated from the force and
displacement curve. The material used in Fig. 70(a) is open cell polyether (A2) having
a thickness of 3/4 inch. In Fig. 70(b), the material is /2 inch thick closed cell ethylene
vinyl acetate (EVA). In Fig. 70(c), the material used is one-inch thick PVC/NBR
polymer (ICF400) and for Fig. 70(d), the material is 3/4 inch thick closed cell sponge
neoprene (B1) foam. An identical test is used in this investigation to simulate the

same behavior for each of the four different elastomers using the linear actuator.
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Figure 70: Mechanical compression test results.
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5.3 Fingertip Pulp Deformation

Fingertip deformation has been investigated in several studies. Serina et al. [119]
developed a structural model of human fingertip to predict force-displacement and
force-contact area responses of the fingertip during contact with a flat rigid surface.
Pawluk and Howe [120] used quasi-linear viscoelastic model of tissue [121] to explain
the loading and relaxing phases of the human fingertip dynamic response. In this
research, fingertip pulp deformation has been taken into account using a Hertz elastic
contact model [122] according to which a is the radius of the contact area between

two spheres as defined in Eq. 47:

0 - (ER) (47)

where, F' is the applied force, R is the effective radius of two spheres (spheres with

radiuses R; and Ry), defined as:

1 1 1
=4 48
R R1+R2 (48)

and E*, the effective elastic modulus, is defined as:

1 1—v? 1—v3
- 49
B b (49)

where E; and v; denote the Young’s modulus and Poisson’s ratio associated to each
body.
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To consider the difference between fingertip/actuator contact and fingertip /mate-
rial contact, the actuator shaft and material contact surfaces are considered as being
flat and the Young’s modulus of the shaft, compared to finger pulp, is considered
infinite. This is because the mean value for the fingertip Young’s modulus, in the
medial-lateral and proximal-distal directions, is in the kilo pascal (KPa) range [23]
which is negligible when compared to Plexiglas which is in the giga pascal (GPa)
range.

Considering one of the bodies as being a flat elastic surface, and assigning Rs

value as infinite, Eq. 47 can be rewritten to produce Eq. 50 as follows:

3FR,\ 3
a= ( o ) (50)

a?
R?

2
F 3
= (4E3 Rl) (51)
*R2

From Eq. 51, the difference between the two fingertip deformation modes origi-

therefore, depth of indentation, d = can be calculated as shown in Eq. 51:

nating from the difference in £* can be calculated as shown in Eq. 52:

1 _1—V12

EY Ey (52)
1 1—v? i 1—v?

E3 Ey E,
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The elastic moduli of elastomers are obtained from the linear portion of the stress-
strain curves. Considering the fingertip as being a sphere with radius R = 5 mm, v =
0.5 [123] and F = 126.2 KPa, the modified force displacement graphs are represented
in Fig 71. Based on these assumptions, fingertip deformations are valid up to 5 mm
using a force 5.63 N. Beyond this value, the controller switches to the original which is
measured by elastomer compression. As shown in Fig. 72, fingertip pulp deformation
in contact with an actuator is different from one that is in contact with simulated
material. Since a hard contact occurs between the actuator shaft and finger pulp,
the contact interface and contact area between finger pulp and actuator shaft would
deviate from ideal values in contact between finger pulp and soft materials.

Fig. 71 shows the modified force-displacement curves based on fingertip deforma-

tion correction for the four different elastomers.
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Figure 71: Modified force-displacement curves.
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Figure 72: Compression test and fingertip contact. (a) shows a compression test to
obtain stress-strain behavior of the material. (b) shows contact of fingertip pulp with an
elastomeric material. (c) illustrates fingertip pulp contacting an actuator.

As can be seen, the modified curve shows more displacement compared to the
compression test. The difference in displacement can be described as extra finger
pulp deformation in hard contact of finger and actuator shaft compared to finger and

soft material. Since A2 displays relatively harder behavior than that of ICF400, the

difference between compression and the modified curve for A2 is smaller.
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5.4 PID Controller

The measured force from the force sensor was registered by the data acquisition card,
DAC, and read by the processing software. The position of the shaft of the actuator
was also measured and transmitted to the processing software through the DAC. The
mechanical properties of the object to be simulated had already been determined and
saved in the computer. These data contained the strain-stress relation for different
objects. With a known force applied to the linear actuator by the fingertip, and
having the dimensions of the cap over which the force was applied, the stress was
calculated and the desired strain was found by using the characteristic curve of the
simulated object. The desired strain was then converted to the displacement and
used as the input to the PID controller.

To simulate the behavior of each elastomer, the linear actuator was required to
follow their force-compression relationship and was hence required to re-construct the
tangent modulus, or the slope of force-displacement, at each moment. In order to
accomplish this, a negative feedback closed-loop control system with PID controller
was used. The PID controller monitors the position of the shaft, compares this
position with the desired position of the shaft and, based on the difference which is
called the following error, prepares proper commands to the actuator to move the
shaft to the desired position.

To be able to design a controller for the system, a model of the linear actuator

was derived [54]. Fig. 73 shows the block diagram of the system.
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Figure 73: Block diagram of a linear actuator system.
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5.5 PID Controller Tuning

For the special system explained in [54] research work, the position of the shaft, and
the applied force by the finger to the shaft, follow the desired force-position curve as
closely as possible. To minimize the tracking error as a cost function, the optimum
controller design method is used to find optimum PID controller parameters. The
error is defined as the difference between step input and output. The cost function
to be minimized (J) is the sum of errors in each step from 0 to 100 seconds as shown
in Eq. 53. The PID controller parameters (Kp,K;,Kp) as well as filter coefficient
(Ky) are chosen as the design variables. In addition, three constraints are introduced
for the optimization problem to limit the actuation signal (u), system overshoot and
system undershoot (OS and US). The closed-loop system including the actuator and

the PID controller is shown in Fig. 74.

J= / ly(t) — u(t)] dt (53)
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Subject to:

|u(t)| < Umaa

[05,US] < |y(t) —r(t)]

max

In discrete cases, Eq. 53 can be written as Eq. 54:

J(Kp, K1, Kp, Kn) = > [y(k) = 7(F)| 0 (54)

ol
gl

where

Controller

=

Plant and Actuator Scope

>

Out,

*Tunable Variables are PID gains, Kp, Ki, Kd and filter coefficient Kn.

Figure 74: The closed-loop system for PID design.

P is the total number of samples in 100 seconds, T is the sampling period and

(y(k) — r(k)) determines the difference between system input and output. e, is
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limit for the actuation signal, and |y(k) — r(k)|,,,, 18 maximum amount of the dif-
ference between system input and output which limits the overshoot and under-
shoot. Having the number of samples (P) and sampling period (Ts), the objec-
tive of the optimization problem is defined as finding PID controller parameters
(Kp, K1, Kp, Ky) for which J(K) becomes locally minimized subject to the con-
straints on actuation signal as well as overshoot and undershoot. The constrained
nonlinear optimization method is performed using interior-point algorithm with the
given tolerance in order of 0.001 to minimize (J). After twenty one iterations,
the optimization process results in optimum proportional, integral and derivative
(Kp, K1, Kp) gains and filter coefficient (Ky) as Kp = 3.6610, K; = 14.1596, K, =
0.1787, Ky = 7.4936. Input signal and overshoot/undershoot constraints are set as

Umaz = 5.0 V and |y(k) — r(k)|,,,. = 0.05. The closed-loop transfer function of the

max

system (G(s) = PID(s) x %) is calculated as Eq. 55 and presented in

Fig. 75, and the response of the tuned system to a step signal is presented in Fig. 76.

The bandwidth of the closed-loop system is calculated as 4.0463 Hz.

G(s) _ 430s%4+1.686x10%s54+1.95%10%s*+9.091 x10°s3+1.6x 10852 (55)
T s8461.79s7+173556+2.77x1045542.258 x 105544+9.091 x 105s3+1.6 x 106 52
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Figure 75: Bode plot of frequency response of the closed-loop system.
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Figure 76: Response of the closed-loop system to a step input.
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Fig. 76 shows response of the system to a step signal as well as the behavior of
the actuation signal (u). The applied constraints for tuning the PID controller (con-
straints on input signal and overshoot/undershoot) are illustrated in this figure as
dashed lines. In Figs. 76 and 75, it is noticed that the closed-loop system with PID
controller tuned by the constrained optimization method has the limited bandwidth
and owns satisfactory performance measures which can fulfill the tactile softness dis-

play task. Matlab code of the PID controller tuning is presented in Appendix E.

5.6 Robust Stability of the System

Stability analysis is performed on the system. In order to verify stability of the
system, Nyquist criterion is employed on the system with 10% uncertainty on each
of the system parameters. The Nyquist plot is shown in Fig. 77. As it can be seen,

the point (—1,0) is not encircled by the plot.
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Figure 77: Nyquist plot of the frequency response of softness display system (plant and
PID controller) with 10% uncertainty for system parameters.

Characteristic equation of the system and its complex roots are presented in
Eq. 56. Roots of this equation are calculated with 10% uncertainty on equation
parameters. Histogram of real parts of roots are shown in Fig. 78. It can be seen

that real parts of the roots are distributed at —4.8 + 2.5 and —11.6 £ 2.8 which is an
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indication of robust stability for the system.

_ 5.0001524+41.59365+106.1063 86
1+ PID(S)-H(S) =1+ ( —:2—1—7.49361— ) (s2+23.4s+86)

s, = —11.6143 — 18.9732i
sy = —11.6143 + 18.9732i (56)
53 = —3.83248 — 1.93688i

54 = —3.83248 + 1.93688:
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Figure 78: Histogram of real part of roots for the system characteristic equation (Eq. 56)
with 10% uncertainty on equation parameters.
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5.7 Simulation Results

The processing software, which is written for the Simulink environment, receives the
feedback signals from the Force Sensing Resistor (FSR) and linear potentiometer
as shown in Fig. 79. The force (F') and shaft position (X,) are then calculated in
separate modules as explained in [54]. The calculated force was then used to find the

strain for the simulated material which is saved in a lookup table (LUT).

DAQ
Input
N
Y
e
60Hz
Filter
Vs, V+ T‘ Vr, V+
Y Y
Shaft Position Force
Measurement Measurement
F

Controller

Y
DAQ
Output

Figure 79: Flowchart of the processing software.

Having the dimensions of the material to be simulated, the stress was converted
to compression (X,). The shaft position and desired compression (X, and X,) were
then fed to the PID controller. The output of the controller was finally used as the
input to the linear actuator.

Fig. 80 shows the parameters which are plotted in the system-design platform
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and development environment of the Simulink. The force, output, shaft displacement
(measured and desired) and displacement error are plotted in real time. Comparing
the measured and desired displacement shows that the error is proportional to the
rate of change in displacement. This error exist in system due to limited displacement

rate of the actuator.
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Figure 80: Measured and calculated signals plotted in realtime.

5.8 Experiments and Results

A number of experiments were conducted including stress-strain, position-force and

softness display. Results of these experiments are presented as follow.
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Stress-strain results:

Five different materials were selected to be simulated by the actuator. These included
a hard material (Plexiglas), elastomers A2 (% inch thick), A2-FR (% inch), ICF400

(1 inch), and B1 (% inch). The strain-stress relations for these materials are shown

in Fig. 81.
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Figure 81: The stress-strain curves for different materials.

To assess the performance of the proposed tactile display, the force-position rela-
tion for each simulated material was saved, plotted and compared to the force-position
relation of the material. Each curve can be divided into two separate phases: loading
and unloading. The loading phase starts when the finger makes contact with the
shaft and applies force. As soon as the force is removed, the unloading phase starts.
In this phase the material returns to its initial form although the speed with which it

does so depends upon its elasticity since the softer the material, the slower the return

157



speed. Fig. 82 shows both phases for elastomer A2 (%4 inches).

16

14+
121

€ 104 Loading Phase
E
c 87
h=l
8"

4 ]

2] - - -A234"

Actuator
0 I I I I
0 10 15 20 25 30

Force (N)

Figure 82: The force-position relation for A2 (% inch) elastomer.

Fig. 82 shows that during the loading phase, a small error exists between the
simulated curve and the real curve (average position and force error of 16% and
8.7%, respectively). By selecting the optimum controller, this error is minimized but
is slightly larger in the unloading phase although it does not, however, noticeably
affect the softness perception. This is because the unloading phase, both for the
elastomer and linear actuator itself, starts when the finger separates from the surface
of the object so, therefore, the speed of unloading does not affect the perception of

softness.

Position-force results:

Figs. 83, 84 and 85 represent the loading and unloading phases for three other tested
elastomers EVA % inch, ICF400 1 inch, and B1 % inch.
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Figure 85: The position-force curve of Bl elastomer and its simulated equivalent.

The rate of applying force is also important for the sense of softness. As depicted

in Fig. 86, the error is negligible when the force is applied slowly. However, when

the force is applied suddenly, the error becomes larger. Fig. 86 shows the actual and

desired force-position curves for two different speeds. In the first instance, force is

applied slowly whereas in the second case it is applied quickly. From this, it can be

seen that error in the first case is much less than in the second case. When the finger

touches an object for softness recognition, it usually applies the force slowly so the

error would not distort user perception.
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Figure 86: The effect of force rate and error.

Softness display results

To evaluate the efficiency of the tactile display, another experiment was conducted
in which subjects touched four elastomer materials and then the linear actuator with
their finger. They then attempted to relate the real elastomers with the softness at

the tactile display. Each subject repeated this for each of the four simulated materials

as illustrated in Fig. 87.
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Figure 87: Setup of the finger touching experiment.

To remove the effect of visual feedback, the setup was covered so that the subjects
were not able to see the different materials. In the first experiment, four materials
were simulated by the tactile display, namely ICF-400, A2, B1, and Plexiglas. The
subjects touched each material and finally decided which one of the objects had
similar softness with the display. A total of twenty-five subjects participated in the
experiment all of whom successfully distinguished between the simulated elastomers

as shown in Table 8.

Table 8: Results of the first human subject test.

Material Recognized Not recognized
ICF-400 25 0
A2-400 25 0
B1-400 25 0
Plexiglas-400 25 0

In the second experiment, two materials with close mechanical properties (A2-FR
and A2) were simulated by the tactile display. This time, the results of the simulation
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showed some discrepancies in recognition as shown in Table 9.

Table 9: Results of the second human subject test.

Material Recognized Not recognized
A2-FR % inch 17 8
A2 ¥, inch 14 11

The reason for the disparity in this test was because the subjects were required to
distinguish between two materials that possessed very similar mechanical properties,

as shown in Fig. 88 and without visual feedback.
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Figure 88: The material properties of the elastomers for the second experiment.

5.9 Conclusion

In this chapter, a system for displaying the softness of different materials was pro-
posed and tested. The main components consisted of a linear actuator, a force sensor,
and processing software for each of which a detailed description was provided. The
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mechanical properties of various materials were characterized by conducting mechan-
ical compression tests. These data were used by the processing software to actuate
the display. A Proportional-Integral-Derivative (PID) controller was designed and
optimized to control the shaft of the actuator to produce the same sensation of soft-
ness measured by the force sensor. Different materials were simulated by the tactile
display and compared to the real objects. Experiments were conducted on the tac-
tile display using human subjects and the results were recorded and presented. The
results showed that the developed tactile display can replicate the softness of mate-
rials very closely and has great potential for identifying and categorizing objects by
touch. In summation, it has proved to be a feasible technique with great potential use
in robotic surgery, training facilities, virtual reality and minimally invasive surgery

(MIS).
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Chapter 6

Conclusion and Future Work

6.1 Conclusions

In this thesis, a novel inverse model program of estimating hyperelastic and hyper-
viscoelastic material parameters has been developed based on the FE model and
experiment of indentation using spherical indenters. MultiStart global optimization
with single and multi-objective function methods, based on the Nelder-Mead simplex
algorithm, have been employed for solving these inverse problems. Parameters of a
suitable hyperelastic model have been identified for two different closed cell foams,
namely EVA and B1l. The validity of assuming frictionless contact between the in-
denter and foams during these indentation tests, as well as zero Poisson’s ratio for
closed cell foams, have been demonstrated using the same inverse model problem.
The effect of indentation depth and indenter size were also investigated in estimated

parameters and a numerical relationship was observed and reported in results. The
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flexibility of this inverse method makes it suitable for general identification processes
where direct measurements are not easily applicable. Applicability of this method is
demonstrated on problem of hyper-viscoelastic material parameters identification for
bovine liver tissue. It has, however, been shown that the accuracy of parameter iden-
tification using inverse indentation modeling is sensitive to both indentation depth
and indenter size. It has also been shown that, by increasing the indentation depth,
the difference between identified parameters using different indenter sizes decreases
correspondingly.

Two methods of real time parameter identification were proposed for nonlinear
soft materials. The proposed methods were based on variance calculation and pa-
rameter estimation using the Kalman filter algorithm. Both the methods were based
on inverse FE modeling of spherical indentation test. The FE model of indentation
was pre-evaluated in feasible range of material parameters and used as a reference
data source for both the methods. Results are illustrated and compared in terms of
precision and computing time. It was found that the variance calculation method
required much less computation time compared to the Kalman filter method, which
makes it suitable for real time identification procedures at high indentation rates.
Although the Kalman filter method showed less scattering in identified parameters,
it was prone to failure and, in some cases, was unable to achieve good convergence
characteristics in contrast to the variance method. The proposed bounding methods
for the Kalman filter estimation were implemented and their results compared. It

was found that the Nearest Neighbor extrapolation method yields better results in
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certain estimation processes such as if the estimate is selected on the state space
boundary. However, during the normal identification processes, the Projection and
Penalty methods yielded better results compared to the Nearest Neighbor method.
The performance of both algorithms were assessed in material parameter identifica-
tion and was found to yield a performance success rate of greater than 90% based
on experiments in which random indentations (150 indentations per experiment) and
three different indentation rates were employed. It was also found that increasing
the indentation rate leads to more accurate and repeatable results, which perhaps is
due to the reduced time dependent behavior of the studied materials. Identification
results, from both the variance and Kalman filter methods, were found to be com-
parable. However the way these methods work leads to discrete estimate space for
the variance method and continuous space for the Kalman filter method with less
scattering.

A novel magneto-rheological fluid (MRF) based tactile display is proposed and its
magnetic FE model is constructed and validated by Gauss meter measurements. An
accurate finite element (FE) model of human finger pad is constructed and validated in
experiments of finger pad contact with soft and relatively rigid materials. Hyperfoam
material parameters of the identified elastomers from the Chapter 2 are used for
validation of the finger pad model. FE models of the human finger pad and the
proposed tactile display are used in a model based control scenario for the proposed
display. FE models of the elastomers developed in Chapter 2 are used for calculation

of control curves for these elastomers. An experiment is set up for evaluation of the
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proposed display. Experiments are performed on biological tissue and soft nonlinear
foams. The results of experiments represented in this work show that the proposed
control model and the display design are suitable for tactile applications such as
displaying softness. Future work, such as recreation of softness for stiffer materials,
will necessitate the use of stronger electromagnetic and amplifier circuits.

A novel system for displaying the softness of nonlinear materials was proposed and
tested based on linear actuator. The main components consisted of a linear actuator,
a force sensor, and processing software for each of which a detailed description was
provided. Contact of human finger pad with the proposed display is modeled and
deformation in finger pad is considered for controlling the actuator.The mechanical
properties of various materials were characterized by conducting mechanical compres-
sion tests. These data were used by the processing software to actuate the display.
A Proportional-Integral-Derivative (PID) controller was designed and optimized to
control the shaft of the actuator to produce the same sensation of softness measured
by the force sensor. Different materials were simulated by the tactile display and com-
pared to the real objects. Experiments were conducted on the tactile display using
human subjects and the results were recorded and presented. The results showed that
the developed tactile display can replicate the softness of materials very closely and
has great potential for identifying and categorizing objects by touch. In summation,
it has proved to be a feasible technique with great potential use in robotic surgery,

training facilities, virtual reality and minimally invasive surgery (MIS).
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6.2 Future Work

Various optimization algorithms will yield different accuracy and performance for
inverse modeling problems. Effect of each algorithm can be accurately investigated
and compared to come up with an efficient (high accuracy) approach for the problem
of material parameter identification with inverse FE modeling. For instance, results
of inverse FE modeling on 2"¢ order Hyperfoam model based on various local and
global optimization methods are presented in Fig. 89. Efficient parallelization of the
MultiStart method will also be investigated.

Based on our research on developing an in-house FE solution engine [124], it was
found that a natively developed FE solver is efficient in orders of 600% compared to
the solvers found in standard FE modeling software packages, e.g. Abaqus and AN-
SYS. Therefore, an efficient solver can be developed for the FE model of indentation
to avoid use of pre-evaluated FE models.

Two perpendicular magnetic fields can be achieved on a plane by use of two
ring shaped electromagnets as shown in Fig. 90. This particular design might help
achieving more uniform and strong flux density in the MR fluid of the softness display.
Next step will be 3D magnetic FE modeling of this proposed design and subsequent
prototyping.

The simple linear actuator will be replaced by voice coil actuator for the softness
display. Voice coil based actuators can attain higher actuation speeds compared to

simple linear actuators based on rotary servos. Also, the voice coil based actuators
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are almost noiseless.
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Appendix A

Nelder-Mead Simplex Algorithm

Different methods of implementation are proposed for Nelder-Mead simplex method
based on construction of the initial simplex and convergence or termination tests.

The main algorithm is implemented as shown in the following steps [125, 126]:

a) Construct the initial simplex by (n + 1) vertices, Py, Py, ..., P, around a given
vertex P,
B:.Po—i-hjej, POZF)inp jzl,...,n (57)

where h; is the step size in direction of the unit vector e;.
b) Determine the best, worst and second worst vertices in current simplex, f;, fj, and

fs, respectively.

fh:max<fj)7 fl:min(fj)v fszmax<fj#h)a J=0,...,n (58)

where f; is the value of function at vertex j.

c¢) Calculate the centroid ¢ between vertices with index of j # h.

1 :
c:ﬁZPj, j=0,...,n (59)
Jj#h

d) Construct a new working simplex (simplex transformation). In this step, first try
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to replace the worst vertex (P,) by a new one. Replacing the worst vertex would be
done by means of reflection, expansion or contraction processes. If replacement fails,
then shrink the simplex toward P, and calculate n new vertices. Four parameters
are defined in this step of Nelder-Mead algorithm, «,, p and ¢ each for reflection,

expansion, contraction and shrinkage, respectively with following constraints:

a>0,v>1,0<p<1l and o<0 (60)

Values used in this implementation are as follows:
a=1,v=2 p=—-05and 0 =0.5
Lagarias et al. and Wright [126, 127] have described the step of new simplex

construction and is shown in Fig. 91.
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P =c+y(P,—¢)
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simplex
(step e)
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iteration

A

Figure 91: Flowchart of the transformation step of the Nelder-Mead algorithm.

Fig. 91 shows the flowchart of the transformation step (reflection, expansion and
contraction) of the Nelder-Mead algorithm. In this flowchart, ¢ is the centroid of the
n best points, P,, P, and P, are reflection, expansion and contraction points and f, is
value of function at point z. Effect of reflection, expansion, contraction and shrinkage

in a two-dimensional space is shown in Fig. 92.
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— Before transformation

————— After transformation

(a) (b)

(c) (d) (e)

Figure 92: Transformation to a new simplex in two-dimensional space.

Fig. 92 shows the transformation to a new simplex (triangle) in two-dimensional
space in the Nelder-Mead algorithm by (a) reflection, (b) expansion, (c¢) and (d)
contraction, (e) shrink. The original simplex is shown in solid line.

e) This step is suggested by Lagarias [126] to prevent failure of the algorithm during
the contraction step in case of a curved valley and a vertex far away from the valley
compared to the other vertices. In this case, n new vertices would be calculated as

below, and the algorithm will continue with new vertices P, Vi, ..., V,, (Fig. 92-e)

Vi=PR+o(P+PR), j=1..n j#l (61)

f) Test convergence and terminate the process. Three scenarios would be checked in
this step as follows:
Scenario 1. If the distance between vertices P; is smaller than a given value (simplex

is sufficiently small), terminate the process.
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Scenario 2. If f; is close enough to a certain value, terminate the process.

Scenario 3. If the number of iterations exceed a certain allowed value, terminate

the process.
In this research, the Nelder-Mead algorithm is implemented using Python pro-

gramming language in order to couple with the Abaqus FE modeling software.
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Appendix B

Updated Lagrangian Method

Effectiveness of the Updated Lagrangian algorithm employed in the Abaqus software
lies in the use of a lumped or diagonal mass matrix, which makes the integration steps
trivial. The formulation accounts for large axial, bending and shear deformations as
well as large translation and rotation of the elements used. Also, since there is no
need for computing the system stiffness matrix, the solution is essentially carried out
at the element level, and thus large systems can be efficiently handled.

Following the updated Lagrangian method with explicit integration, the nonlinear
response is calculated at each time step by considering changes in the stiffness prop-
erties and boundary conditions [128]. The equilibrium of the finite element model at

time ¢ is considered to be:

MWii+Cha="R-'F (62)
where i1 and ‘i are the velocity and acceleration vectors, M € R™ " is the mass
matrix, C = aM € R™*" is the damping matrix, « is the mass-proportional damping
coefficient, ‘'R € R" is the external load vector and ‘F € R" is the internal force
vector in global coordinates.

t+h

The displacement vector u can be obtained by way of a central difference
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approach, as explained in [129]:

(aoM 4 a,C) "'u = 'R (63)

tR = tR . + a2M tu — (aoM — a1C) t*hu (64>

where 'R € R is the effective load vector, h is the time step, ag = 1/h2, a; = 1/ (2h)
and ay = 2qq are integration constants. As it can be seen in Eq. (63), the use of
diagonal or lumped mass and damping matrices enables a trivial evaluation process
for the displacement vector (*"u). The lumped mass matrix can be assembled based
on the individual diagonal element mass matrices.

The nodal force vector is assembled in terms of individual force vectors, based on

the element connectivity:

F, =K 'u, (65)

K=Ky + Kxi (66)

where ‘F ; € RS is the internal force vector of the jth element, consisting of two axial
components and one torque per node, K is the sum of the linear (Kp,) and nonlinear
(Kx1) stiffness matrices of the jth element, and “u; is the displacement vector of the
7th element.

An important consideration in this approach is the use of a time step h smaller
than a critical value, h¢,. The critical time step can be calculated through the stiffness
properties and mass of the system. As an example, in a system of planar beam

elements, h., is the smallest travel time of the stress wave between two neighboring

nodes [128]:

h < he (67)

- (68)
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where L is the length of the smallest element or the smallest distance between two

neighboring nodes, and p is the mass density of the element.
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Appendix C

Python Code for Parameter

Identification with Optimization

The following Python code can be executed under Abaqus’s Python interface. Open
source mathematic libraries, scipy and numpy are employed for the Nelder-Mead

implementation.

Begin (optim.py)

from numpy import =x

from scipy import minimize
import copy

from abaqusConstants import x
from abaqus import x

import csv

from odbAccess import x

#H#H#Input parameters

mdb_path="G:/ Abaqus_temp/optim_paper/liver /model. cae’
report_file_name="report_liver.txt’
model_name="Model—1"

material_name=’Material -1’
job_name_prefix="liver_r635_opt_’

initial_parameters =(0.012,7.429,2.5,0.8,0.0,1.0) #(mu, alpha ,D1,gi ki, ti)
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node_number=0 # Indentation load measurement node number

file_path="G:/Abaqus_temp/optim_paper/liver/’

file_name_prefix="liver_r635_opt_"’

exp-data_file_name="exp_data.txt’

iiiaiara

counter=1

openMdb (pathName=mdb_path)

exp_file_handle=open(exp_data_file_name , 't )

report_file—open(report_file_name ,'w’)

report_file.write (’mu\t + alpha\t ’+’DI\t '+’ gi\t '+ ki\t '+’ ti\t '+’ variance
\n’)#+ gi\t '+ ki\t +ti\t’

report_file.close ()

exp_data =[]
for line in exp_file_handle:

exp_data.append(float (line))
exp-_file_handle. close ()

def variance_func(x):

global counter

mu=fabs (x[0])
alpha=fabs(x[1])
dl=fabs (x|
gi=fabs (x|
ki=fabs (x|
[

(
2
3
4
ti=fabs (x[5

1)

1)

1)

1)

mdb. models [model_name | . materials [material_name]. hyperelastic.
setValues (table=((mu, alpha, dl), ))

mdb. models [model_ name]. materials [material_name]. viscoelastic.
setValues (domain=TIME, time=PRONY, table=((gi, ki, ti), ))

job = mdb. Job (name=job_name_prefix+str (counter), model=model_name
numCpus=4, numDomains=4,)

mdb. jobs [job_name_prefix+str (counter) ]. submit ()

mdb. jobs[job_name_prefix+str (counter) ]. waitForCompletion ()
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mdb. save ()

print ( ’Job ’+str (counter )+’ done’)

odb=openOdb (path=file_path+file_.name_prefix+str(counter)+’.odb’,
readOnly = True)

counter=counter+1

vari=0

for i in range(200):
current_frame = odb.steps[’Step—1’].frames[i]

reaction_force=current_frame.fieldOutputs | ’RF’]

nodepos = odb.rootAssembly.instances [ 'PART-2’]. nodes [node_number
]

node_reaction_force = reaction_force.getSubset(region=nodepos)

node_values = node_reaction_force.values

v = node_values [0]

vari=vari+fabs(v.data[l] —exp_data[i])

for i in range(100):
current_frame = odb.steps[’Step—2’]. frames[i+1]
reaction_force=current_frame.fieldOutputs | 'RF’]

nodepos = odb.rootAssembly.instances [ 'PART-2’]. nodes [node_number

]

node_reaction_force = reaction_force.getSubset(region=nodepos)
node_values = node_reaction_force.values
v = node_values [0]

#disp_sublist.append(v.data[1])
vari=vari+fabs(v.data[l] —exp_data[i+200])

odb. close ()

report_file=open(report_file_name ,’a’)

report_file.write(str (mu)+’\t +str (alpha)+’\t '+str(dl)+’\t +str(gi)+
"Nt Fstr (ki)+ '\t +str(ti)+’\t +str(vari)+'\n")#+ "\t +str(gi)+\t
+str(ki)+ N\t +str(ti)+\t’

report_file.close ()

return vari;

def nelder_mead(f, x_start,

step=0.1, no_improve_thr=10e—6,
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no_improv_break=10, max_iter=0,
alpha=1., gamma=2., rho=-0.5, sigma=0.5):
@param [ (function): function to optimize
@param z_start (numpy array): initial position
@param step (float): look—around radius in initial step
@no_improv_thr, no_improv_break (float, int): break after
no_improv_break iterations with an improvement lower than
no_improv_thr
@maz_iter (int): always break after this number of iterations.
Set it to 0 to loop indefinitely.
@Qalpha, gamma, rho, sigma: parameters of the algorithm (see
Wikipedia page for reference) return: tuple (best parameter

array, best score)

2000

# initialization

dim = len(x_start)
prev_best = f(x_start)
no_improv = 0

res = [[x_start, prev_best]]

for i in range(dim):
X = copy.copy(x._start)
x[i] = x[1i] + step
score = f(x)

res.append ([x, score])

# simplex iter

iters = 0

while 1:
# order
res.sort (key=lambda x: x[1])
best = res [0][1]
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# break after max_iter
if max_iter and iters >= max_iter:
return res [0]

iters +—=1

# break after no_improv_break iterations with no improvement

print ’...best.so_far:’, best
if best < prev_best — no_improve_thr:
no_improv = 0

prev_best = best
else:

no_improv 4= 1

if no_improv >= no_improv_break:

return res [0]

# centroid
x0 = [0.] x dim
for tup in res[:—1]:
for i, ¢ in enumerate(tup|[0]):

x0[i] +=c¢ / (len(res)—1)

# reflection
xr = x0 + alphax(x0 — res|[—1][0])

rscore = f(xr)
if res[0][1] <= rscore < res|[—2][1]:
del res[—1]

res.append ([xr, rscore])

continue

# exrpansion
if rscore < res[0][1]:
xe = x0 + gammax(x0 — res|[—1][0])

escore = f(xe)
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if escore < rscore:
del res[—1]
res.append ([xe, escore])
continue
else:
del res|[—1]
res.append ([xr, rscore])

continue

# contraction
x¢c = x0 + rhox*(x0 — res[—1][0])
cscore = f(xc)
if cscore < res[—1][1]:
del res|[—1]
res.append ([xc, cscore])

continue

# reduction
x1 = res [0][0]
nres = []
for tup in res:
redx = x1 + sigmax(tup[0] — x1)
f(redx)

score =

nres.append ([redx, score])

res = nres

#bnds = array ([[0.01, 0.4], [0.2, 10]], dtype=float)

#r_maxr = minimize (variance_func ,initial_-parameters , method="SLSQP’,
bounds=bnds, options={"disp ':True, ’'ftol ’:10})

x_max = nelder_mead (variance_func ,initial_parameters)

report_file—open(report_file_name ,’a’)

report_file.write (str (x-max))

report_file.close ()

#print x_mazx

mdb. close ()
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End (optim.py)
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Appendix D

Kalman Filter Implementation

with Matlab Code

The following Matlab code is employed for parameter identification based on the
Kalman filter.

Begin (kalman.m)

clear all;
clc;
dataproc_fine_r4;
%gradient
for i=1:200
clc
i
[t(i).gradian.alpha,t(i).gradian.mu]=gradient(t(i).f,5/(200—1)
,0.3/(200-1)) ;
end
x(1).alpha=8;
x(1).mu=0.8;
P(1).cov=[25 0;0 0.09];
Rt=0.1;
for i=1:199
i

if x(i).alpha>11
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x(1i).alpha=11;

end

if x(i).mu>0.8
x(1).mu=0.8;

end

if x(i).alpha<6
x(i).alpha=6;

end

if x(i).mu<0.5
x(1).mu=0.5;

end

delta=[griddata(t(i).alpha,t(i).mu,t(i).gradian.alpha,x(i).alpha , x(i
) .mu, 'cubic’), griddata(t(i).alpha,t(i).mu,t(i).gradian.mu,x(i).
alpha ,x(1).mu, *cubic’) ];

P(i+1).cov=P(i).cov—P(i).covsdelta '« ((deltaxP(i).covxdelta’+Rt)" (—1)
YyxdeltaxP(i).cov;

K(i41).t=P(i+1).covxdelta ’«(1/Rt);

x(i+1).alpha=x(i).alphat(i+1).t(1)=*[exp_-data_rd(i)—griddata(t(i).
alpha ,t (i) .mu,t(i).f,x(i).alpha,x(i).mu, ' cubic’)];

x(i41) . mue=x (i) meK(i+1).t(2)*[exp_-data_rd (i)—griddata(t(i).alpha,t(
i).mu,t(i).f,x(i).alpha,x(i).mu, cubic’)];

alpha_out (i)= x(i+1).alpha;

mu_out (i)=x(i+1).mu;

end

End (kalman.m)
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Appendix E

MATLAB Code for PID

Parameter Optimization

Begin (run.m)

pid0 = [3.0 10 0.1 1.0];

al = 1; a2 = 23.4;

options = optimset(’Display’, ’iter—detailed’,’MaxFunEvals’, 1000, ’TolX
", 0.001, 'TolFun’, 0.001);

pid = fmincon (@tracklsq, pid0, [], [], [], [], [0 0 0 O], [],

@constraint , options)

End (run.m)

Begin (constraint.m)

function [c,ceq] = constraint (pid)

assignin (’base’, ’kp’, pid(1));

assignin (’base’, ’ki’, pid(2));

assignin (’base’, ’kd’, pid(3));

assignin (’base’, ’kn’, pid(4));

simopt = simset(’solver’,’odeldx’);

[7,7,yout] = sim(’ident-model’ ,[0 10],simopt);

c(1)=0; %input signal
c(2)=0; %overshoot
c(3)=0; %undershoot
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os_flag=0;
for i = 1:1001
if abs(yout(i,2))>c(1)
c(1l)=abs(yout(i,2));
end

end

for i = 1:1001%overshoot
if (yout(i,1)—1)>0
if os_flag==0
os_flag=i;
end
if (yout(i,1)—1)>c(2)
c(2)=yout(i,1)—1;
end
end

end

if os_flag==0
os_flag=1;

end

for i = os_flag:1001 %undershoot
if (yout(i,1)—1)<0 %undershoot

if (1—yout(i,1))>c(3)
c(3)=l-yout(i,1);

end

end
end
c(l)=c(1) —=5.0; %volts
c(2)=abs(c(2)—0.05); %mm
c(3)=abs(c(3) —0.05); %nm
ceq =[];
end
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End (constraint.m)

Begin (tracklsq.m)

function F = tracklsq(pid)

assignin (’base’, ’kp’, pid(1));

assignin (’base’, ’ki’, pid(2));

assignin (’base’, ’'kd’, pid(3));
assignin(’base’, ’kn’, pid(4));

simopt = simset (’solver’,’odeldx’);

[7,7,yout] = sim(’ident_model’ ;[0 10],simopt);

F = 0;
for i = 1:1001
F = F+(abs(yout(i,1)—-1));

end

end

End (tracklsq.m)
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