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Extending the Capabilities of Time-Delayed Haptic Teleoperation
Systems

Daniel W. Budolak

(ABSTRACT)

This thesis focuses on making improvements to time-delayed teleoperation systems, with
both direct and semi-autonomous haptic control, by addressing the challenges associated
with force-position (F-P) predictive architectures. As the time delay from the communi-
cation channel increases, system stability and performance degrade. Previously, solutions
focused on communication channel stability and environment force estimation methods that
primarily rely on linearization of the Hunt-Crossley (HC) contact model. These result in
a loss of transparency in the system and limiting use cases from linearization assumptions.
Moreover, semi-autonomous solutions aimed at decreasing user effort and automating sub-
tasks, such as obstacle avoidance and user guidance, require training or singularly focus on
joint space tasks. This work addresses the shortcomings of the aforementioned methods by
refocusing on system components to achieve more favorable dynamics during environment
contact with the use of a series elastic actuator (SEA), investigating alternative HC parame-
ter estimation techniques, and synthesizing an assistive semi-autonomous control framework
that predicts user intention recognition and automates gross motion tasks. Experimental
results with a remote SEA demonstrate improved performance with stiff environments in
delays of up to two seconds round trip time. The coupling of the force and position through
the actuator along with simultaneous sensing capabilities also show robustness for contact
with soft environments. Further improvements with soft environment contact are achieved
through HC parameter estimation, with smooth parameter update switching using a Sig-
moid function. A novel application of Chebyshev polynomial approximation for adaptive
parameter estimation of the HC model was also proposed. This approach provides control
via backstepping with adaptive parameter estimation using Lyapunov methods. Addition-
ally, this method reduces excitation requirements by using nonlinear swapping and the data
accumulation concept to guarantee parameter convergence. A simulated teleoperation sys-
tem demonstrates the effectiveness of this approach and initial results from experiment show
promise for this approach in practice. Finally, a user study involving a pick and place task
produced favorable results for the proposed semi-autonomous framework which significantly
reduced task completion times.
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(GENERAL AUDIENCE ABSTRACT)

Teleoperated systems are powerful solutions for remotely executing tasks in situations where
autonomous solutions are not robust enough and/or user knowledge is desired for a task.
However, teleoperation performance and stability is degraded by delays in the communica-
tion channel. A common way to deal with time delay is to use a predictive controller on
the local side to cancel out the delay by knowing the remote side dynamics. Previous ap-
proaches have focused on stabilizing the communication channel or the use of estimators and
observers to better capture the remote side dynamics. The drawback of these approaches is
that they achieve stability at the expense of system transparency, leading to divergence in
the force and position matching between the master and remote side. Many of the methods
for environment force estimation involves linearizing contact models, creating limitations
in their application. Moreover, semi-autonomous solutions aimed at decreasing user effort
and automating subtasks such as obstacle avoidance and user guidance require training data
sets for the algorithm or only focus individually on joint space tasks. This thesis addresses
the shortcomings of the aforementioned methods by refocusing on system components to
achieve more favorable dynamics using a series elastic actuator (SEA) while interacting with
the environment, investigating nonlinear and linear contact model estimation methods for
identifying parameters of the Hunt-Crossley (HC) model, and synthesising an assistive semi-
autonomous control framework that predicts user intention for task execution. Experimental
results for the use of an SEA demonstrate improved performance with stiff environments in
delays of up to two seconds round trip time (RTT). The coupling of the force and position
through the actuator along with simultaneous sensing capabilities also showed robustness for
contact with soft environments. Various estimation methods for HC parameter identification
was investigated to improve the local side model. A novel application of Chebyshev polyno-
mial approximation of the HC model with adaptive parameter estimation was also proposed
to provide control along with decreasing the excitation requirements by using backsteping
control with nonlinear swapping and the data accumulation concept. A simulated teleop-
eration system demonstrated the effectiveness of this approach with a smooth paramater
update transition. Initial results from experiment also show promise for this approach in
practice. Finally, a user study involving a pick and place task produced favorable results
for the proposed semi-autonomous framework which significantly reduced task completion
times.
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Extending the capabilities of teleoperated systems remains a critical research topic for tasks
that need to leverage user knowledge in remote or inaccessible environments. Additionally,
current autonomous solutions are not robust enough to handle unstructured or changing en-
vironments and tasks. Advancements in this area are beneficial to applications in telesurgery,
space operations, subsea, and generally remote tasks when a human operator desired but the
environment is not hospitable [1, 2].

Teleoperation systems consist of a device for user input, referred to as the master on the local
side, and a remote robot or slave machine. This work will refer to the slave side as “remote”
or “follower”. Communication between the master and follower side can be wired, but for
very remote operation will be based on wireless or internet protocol (IP) communication.
In bilateral haptic systems, the follower robot mimics the motion or input of the user and
sends back the force that is exerted on it from interaction with an environment. The master
device then reflects that force back onto the user. The ultimate goal of many teleoperated
systems is telepresence, or providing the user a sense of being in and interacting with the
environment. Typically, architectures such as these are referred to as 2 channel force-position
(F-P) systems since a position command is sent to the follower and the environment force
is reflected back on to the user, as depicted in Fig. 1.1. Many other architectures exist that
utilize various control and communication schemes to address the particular application.

The ability to execute tasks with expert knowledge remotely has significant advantages with
a multitude of applications as previously mentioned. However, as the physical distance
between the master and remote side increases, many challenges surface as a result of the
associated communication delay. Namely, decreased stability and performance. Although
various solutions have been investigated to mitigate these challenges many limitations per-
sist. The topics herein address these limitations by focusing on minimizing transparency
loss, providing better online environmental contact force estimation for predictive control

Fh Xm . )(m=‘< Xf
» »| Wireless or Internet » »
Human P  Master » L »| Follower » Remote
Operator System Communication System Environment
gl
P < y < Channel «— <
Fref Ff* Ff Fe

Figure 1.1: Common 2-Channel Force-Position Teleoperation System.



2 Chapter 1. Introduction

methods, and implementing user intention prediction with semi-autonomous assistance. The
following section reviews previous work done to extend teleoperation capabilities, highlight-
ing remaining challenges or limitation, and noting potential solutions this work addresses.

Ol Oobbobbdot boooog
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The greatest challenge of teleoperated systems is dealing with time delay from the communi-
cation channel. The further away the remote side is, the longer it takes for a signal to be sent
and received. Thus, when a command is sent to the remote side, by the time the response
is sent back to the operator the target has been overshot. This leads to operator induced
oscillations that make the system hard to control. Time delay also can lead to instabilities
since the delay, e ST will reduce the phase margin in the control scheme from a classical per-
spective. This leads to oscillations and eventually instability as the delay increases. These
effects of time delay on a system are shown in Fig. 1.2. Time delay can be constant or time
varying, as well as asymmetrical, where the forward delay may not be equal to the backward
delay. When the communication is over internet, packet losses, bandwidth limitations, and
jitter can also affect the time varying dynamics of delay and lead to instabilities. Methods
to deal with the nonlinear and time-varying effects of internet communication have been
studied in [3, 4, 5]. Notably in [4], time varying delays and IP communication with jitter
can be turned into constant delays with the use of buffering and network delay regulation.
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Figure 1.2: Bode plot for time delay: e ST, T = 0.5 s [left]. Second order system output
with proportional control: no delay, 0.5 s delay, and 1 s delay [right].
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To overcome the destabilizing affects of the communication delay, various stability guar-
anteeing control methods have been investigated. However, the guarantee of stability is
achieved at the expense of transparency. Transparency is the performance metric of teleop-
erated systems and is achieved through position and force matching, such that Xp = X; and
Fo = Fg, where the subscripts h and e refer to the human operator and environment.

In early studies, transparency was focused on matching the impedance transmitted to the
operator (Zp) to the environment impedance (Z;) such that Zg = Z;. A 4-Channel (4C)
approach was proposed where both force and velocity signals are transmitted [6]. In this
manner, the impedance of the master and remote system can be matched as knowledge of
the force and velocity is transmitted. However, the transparency is achieved at the expense
of passivity, that is, stability through energy bounding of signals. To guarantee passivity, the
common two channel method was developed, but with a loss of transparency [7]. This asserts
that transparency and passivity are opposing goals that researchers continue to combat. The
two channel architecture is depicted in Fig.1.1 where F and X denote the force and position
signals, and subscripts h, m, f, and ref refer to the human, master, follower, and reflected
signal.

Passivity was first presented for teleoperation systems with scattering variables by [8]. The
concept of passivity can be simply demonstrated by examining a two port network where the
energy entering the system must be greater than or equal to the energy leaving the system
for all time,

Zq
FE@v(Hdt O:
0

Passivity provides a convenient and conservative assurance of stability, and thus has been
widely implemented through transformation variables applied to signals sent through the
communication channel. The use of wave variables (WV) in particular has become very
popular since it guarantees stability regardless of the time delay and follower side dynamics.
However, because no position information is explicitly available, position drift is a common
consequence. A detailed discussion on the benefits and limitations of WV is presented in
[9]. Enforcing passivity can also be extended to other parts of the system. This was notably
done in [10], using a proportional-derivative (PD) control over the delayed communication
channel and passifying the communication and control blocks together. This framework
showed promise particularly in being able to handle different time delays in the forward and
backward delays, as long as the round trip was constant and upper bounded. However, in
larger time delays significant error in position and force reflection was reported.

WYV have also been notably used to stabilize the H4 controller in [11]. This study performed
a pick and place telemanipulation task between the USA and Japan in an RTT of 0.48s,
with the help of voice queues from the follower side. The teleoperation system consisted
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of a haptic exoskeleton glove and manipulator. Although this work successfully presented
a practical demonstration of haptic teleoperation system, it was constrained to a small
delay. Additionally, the system features the common performance and stability trade-off for
passivity approaches.

Other methods to improve transparency have also been investigated. One such method
involves predicting the user input by examining the operator and haptic interface dynamics
such as in [12]. In this work, the human input is predicted with minimum jerk motion
models. Similarly, [13] used impedance based force control on the master to compensate for
the dynamics of the haptic device.

000D O0U0iooibo dJodoobt oooooo

One very successful way of dealing with time delay is through the use of predictive control
methods. For instance, with the use a model predictive controller (MPC), if the remote side
dynamics are known, then a control signal can be constructed through optimization that
produces the desired output despite a time delay. Similarly, a variation of this known as
a Smith Predictor (SP) [14] can be used to cancel out the time delay in the system from
knowledge of the remote side dynamics. Using these methods, the user on the master side
perceives no delay due to the control strategy generating a predicted remote side force.
The greatest challenge in predictive control approaches is obtaining an accurate model or
estimation of the follower and environment, particularly when the follower and environment
dynamics are nonlinear or time varying. The consequences for model based methods are that
any modeling errors or unaccounted disturbances and nonlinearities can degrade performance
and destabilize the system. This comes as a result of time delayed signals not being accuratly
canceled out. To address this [15, 16] use online neural networks (NN) to estimate follower
side dynamics. As an online method, the NN can respond to small changes in the follower
and environment dynamics, however, it requires training and the weights require sufficient
time to converge.

Others have addressed the concerns with predictive methods by using adaptive model based
approaches and observers, such as in [17, 18, 19]. From the most recent example, the im-
proved extended active observer in [19] relies on accurate rigid body models and observers to
estimate the external and friction torques of the system. This approach, like most adaptive
methods, can handle variations in the communication delay but is limited to small delay
times and its ability to adapt to varying environment dynamics has not been investigated.

One of the great benefit of predictive control methods is that they are modular; passivity,
stability controllers, and error bounding methods can be combined and applied on top of
the control architecture. Additionally, as shown in some of the works mentioned above,
the remote model can be replaced with estimators. In this manner, the energy bounding
approach (EBA) can be used to achieve passivity without scattering or WV [20]. Here the
concept of passivity is applied as a controller to bound energy output on both the master
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and follower. This method was expanded in [21] where the bilateral EBA was combined with
an Smith predictor F-P architecture. Similar to [10], this method guaranties stability but
has the common stability-performance trade-off since the EBA bounds the force magnitude
on the master side. Like many approaches, the predictive EBA also needs to know the
environment dynamics to have good transparency. Alternatively, [22] used a sliding mode
based finite time controller with a barrier Lyapunov function to address performance and
stability, with a NN for uncertainties. This has promising results with its ability to constrain
the position error, but has not been applied to environment interaction, and no results have
been provided for force matching.

000D 000iidi0duootl booiiol 0bobt Oooonmod

Oftentimes in real world applications the environment impedance does not stay constant,
can have time varying dynamics, or is unknown. Thus, static a priori models are often
insufficient for obtaining the desired level of transparency. To address this shortcoming,
estimation methods can be used to obtain and update the environment model or parameters
in real time. Many have implemented observers in the control scheme to accomplish this such
as in [23]. These and similar observer methods estimate external forces and torques acting on
the system from knowledge of the system models, often reducing the need for force or velocity
sensors. However, they are sensitive to unmodeled dynamics, inertia, and friction. These
shortcomings were addressed in [19] by including external force estimation and disturbance
suppression. Although this showed improvements, as previously mentioned, this requires
accurate knowledge of the rigid body dynamics. Moreover, although there is adequate force
tracking performance in delays up to 0.2s, position tracking cannot be achieved when there
is torque input to the haptic device. A different approach to observer implementation is
used in [24] where a modified Kalman filter is used with stochastic methods for disturbance
estimation. This method achieves good performance in experiments, however, it uses a
postion-position architecture that relies on coupling through a virtual gain and scaling for
the position and virtual force. The limitation of this method lies in the need to use adaptive
methods to find the gain so that the haptic feel quality of stiff objects does not degrade.
Other methods focus on estimating the stiffness of the environment model to get impedance
matching such as in [25]. Like many other prediction based methods, the model of the
environment on the master side is updated from the remote side. In this control scheme,
a gradual update for stiffness parameters was also incorporated when switching between
objects of different impedance to avoid spikes in the reflective force. However, this method
used a linear environment model limiting its practical application.

Similar to estimating stiffness for impedance matching, it may be more useful to to estimate
the environment contact force based on the material properties of an object. The most
common and effective way of achieving this is through the use of a contact model. Typically,
a continuous contact model is implemented, such as the Hunt-Crossley (HC) [26] contact
model, or other application specific ones (e.g. soft tissue models for telesurgery). For contact
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models to be effective, the parameters of the material needs to be known a priori. However, if
the material is unknown or the task changes, these parameters need to be determined online
such that the model adapts to the material without prior knowledge. The aforementioned
NN estimation approaches [15, 16] attempted to do just that. Alternatively in [27], a self-
perturbing recursive least squares estimation was use to identify the parameters of the HC
as well as the linear Kelvin-Voigt model. This work obtained good force estimation with a
control scheme that switches between the two models given the contact velocity to not violate
the convenient linearization of the HC method provided by [28]. However, this work did not
incorporate any time delay in the experiment. In [29], the previous work in [28] is extended
to practical contact experiments with the use of an exponentially weighted recursive least
squares estimator (EWRLS). However, to satisfy the linearization assumptions and provide
good accuracy, the velocity of the contact is limited to a threshold value. Similar work was
done in [30] where EWRLS was used with a modified Hiddadi linearization using Taylor series
expansion. In this approach, the Lankarani and Nikravesh contact model is used instead
of the HC. This showed improved robustness to error but had long convergence times with
soft materials. Another method [31], proposed approximating the nonlinear exponential
term in the HC model with a quadratic polynomial. This provided a convenient method for
approximating the model without the drawbacks of the Haddadi method that still allowed
the use of least squares estimation. However, the performance is limited to the the number of
polynomial terms used for estimation, which in turn has a greater requirement of excitation
for convergence.

Using recursive least squares (RLS) is very popular for estimation problems due to its sim-
plicity. The main drawback is that it requires a linear parametric model. This is why
Haddadi’s linearization method has become so prevalent in estimating the HC model. To
avoid limitations of linear approximation, others have pursued Kalman filtering approaches
for parameter and state estimation. The benefit of using an extended Kalman filter (EKF) is
that it is formulated specifically to handle small nonentities and is often used for parameter
estimation. The work in [32] showed promising results using an EKF for a nonlinear tissue
dynamics model. More recent work in [33] used a variation of the EKF termed the uncented
Kalman filter (UKF) for estimating the contact force of the HC model. Their work com-
pared using a UKF with their proposed random waiting and strong tracking UKF, that also
showed improved performance, with slightly larger convergence times than in [32]. Many of
these methods show promise in practical online environmental force estimation. However,
the greatest limitation in all of these studies is that they have not been implemented to
estimate the parameters of the HC model, only the force is estimated without parameter
convergence. This limits its use for predictive based controllers. Thus, there still remains
work to establish the most efficient way to estimate the environment interaction force in real
time for time delayed systems.

Alternatively to the examined estimation methods, adaptive methods can also be employed
to derive update laws for parameter estimation as well as provide control laws for stabiliz-
ing the remote system. The groundwork for this is laid out and discussed at length in the
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approach provided by [34]. The use of backstepping provides input to state stability, while
implementation of nonlinear swapping provides a convenient formulation for parameter esti-
mation with common gradient or least square update laws. As discussed previously, a more
robust parameter identification method is desired. A promising solution is provided in the
work by [35] that uses nonlinear swapping with Lyapunov based methods to guarantee pa-
rameter convergence. Morover, this approach relaxes the persistent excitation requirement
by modifying the update law to make the Lyapunov derivative negative definite with respect
to the parameter estimation error. However, this work was only examine for an inverted
pendulum in simulation, and has yet to be applied to environment parameter identification
or a teleoperated system.

0ol OhO0ooooo o 0ot Oooobobouoig boobog boo tgoa

Earlier work in teleoperation has also investigated shared compliance control (SCC) [6].
It was recognized that compliance on the follower side is beneficial for safely controlling
the remote robot. However, at the time, manipulator stiffness was preferred for positional
accuracy. Thus, compliance was actively achieved through impedance control despite certain
advantages of passive compliance. One such known advantage is the use of remote compliant
center (RCC) wrists in manipulators [36]. Because of this, passive compliance remains mainly
unexplored in teleoperation, despite many potential benefits that can be applied in the form
of a series elastic actuator (SEA).

SEA’s have many advantages over direct drive actuators including accurate force control,
and reduced force errors from friction and torque ripples that can cause position drift [37].
Moreover, the unified force through position control of SEA’s lends itself very well to the F-P
architecture in teleoperation. Compliant robots are also becoming increasingly more popular
in both research and industry as safe human interaction is becoming a critical concern. The
main method of ensuring safe operation is minimizing inertial forces and enforcing compliance
by passive means with SEA’s instead of active control. The reason being compliance in the
actuator reduces the reflected inertia [37, 38]. A new robot design in [39] showcases the
importance and the benefits of passive joint compliance through SEA’s in contact detection
as well as unified force motion control.

Since an SEA functions as a force/torque sensor as well as an actuator, contact can be deter-
mined by measuring the joint torques while interacting with an unknown environment. This
is beneficial for teleoperation as it provides a method to accommodate varying environments.
A study by [40] also suggests that the use of SEA’s on the follower side may be beneficial in
future teleoperation systems. Another study [41] makes note that the effects of compliance
in haptic feedback has not been examined thoroughly.
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One of the great benefits of teleoperation stems from its ability to leverage operator knowl-
edge to handle unstructured or complex remote tasks that fully autonomous systems are
unable to handle. However, as the time delay increases, predictive control methods alone
can not fully account for changes or unknowns in the remote environment. For this reason,
some autonomy on the remote side is necessary to ensure safe interaction with the envi-
ronment, such as accounting for drop offs or changes in terrain for mobile applications, or
obstacle avoidance.

To increase productivity and reduce user fatigue, some autonomous methods have been
applied to augment teleoperation in shared or semi-autonomous control. With these methods
the user and robot share or split control over the system states, where the level of control
is often handled with confidence weighting. Recent work [42, 43] demonstrates that shared
control improves task completion time and is intuitive for users. However, these studies were
conducted without time delay.

Current research focuses on how best to incorporate autonomy and identify user input by
examining different frameworks and levels of assistance. An important aspect of this is how
to identify user intention. Typically, the frameworks are implemented in a supervisory manor
where the user defines tasks and targets ahead of operation [44, 45] or hierarchical task control
as presented in [46], where the shared control executes sub-tasks autonomously and may or
may not assist the main task. Sub task control for redundant manipulators has already
been well studied [43, 47, 48, 49]. Typical tasks include monitoring and preventing joint
limits, configuration singularities, guiding end-effector orientation, and obstacle avoidance.
These are natural candidates for automation to reduce user effort allowing more focus on the
higher level objective. Other task assistive methods have been implemented in the form of
haptic force reflection for guidance [50, 51]. This is accomplished through impedance based
guidance and collision avoidance by use of virtual force fields or a virtual spring and damper
connecting the task and end-effector. Impedance based guidance has also been widely used in
obstacle avoidance for mobile robots controlled via teleoperation [52, 53, 54]. Many shared
control approaches have been adapted from the field of mobile robotics for guidance and
collision avoidance in the form of potential fields [55], some with enhanced capabilities of
online vision based fixture generation as in [56]. Unfortunately, both impedance and potential
fields approaches have drawbacks, as the impedance force can confine the pose by pulling
to a task while being repelled by an obstacle, similar to how a potential field may cause
the robot to be locked into a local minimum. Other methods have focused on assistance
recognition for predicting user motion to move to a target or execute a task. Most often,
this is accomplished with a hidden Markov model (HMM) [57, 58]. Some have also used
Gaussian processes for implementing shared control from tasks learned by demonstration
[59]. The major drawback of such approaches is that they require training, which can be a
very time consuming.

Different approaches, like those in [60, 61], identify user intention from their trajectory using



1.2. Research Contribution 9

regression to form a line for the expected path and accumulating the distances to targets
from the path up to a threshold to determine intention. However, this requires the user to
travel along the path for a sufficient amount of time until a target is identified. This will slow
down operation, particularly in the presence of obstacles where the path may need to change
to avoid collisions. A simplified method is to project the current direction on to the vector
from the current end-effector pose to a target. This was done in [62] with a set of heuristics to
identify user intent for autonomous execution of grasp primitives. However, in their method,
the robot pose had to be sufficiently close to the grasping target, making it’s use case more
suited for action recognition than target identification. Although autonomous execution of
fine movements is beneficial in some applications, it removes some of the user knowledge
that can be leveraged in teleoperation. Thus, shared control and autonomous assistance
for gross motion can be of greater benefit for reducing user effort and task completion time,
particularly where user skill can be used for direct teleoperation. With this control structure,
path planning can be leveraged to execute the aforementioned gross motion while avoiding
collisions, such as in [63].

Some of the aforementioned methods demonstrate great potential as options for decreasing
user effort, but to the knowledge of the authors, they have not been synthesized for a holistic
shared control or semi-autonomous framework.

Qo0 dbbpitt duobtioboiog

Based on an extensive literature review, the current practical limits for bilateral haptic tele-
operation is an RTT of approximately 500 ms for precise or dexterous tasks. Performance
of teleoperation systems degrades as the delay time increases, particularly for systems that
enforce passivity. Solutions such as WV and estimation methods for the transmission delay
has made a significant portion of the recent work in this field focus on the communication
channel over other parts of the teleoperation system that can be further developed to increase
performance. Moreover, few studies have investigated robust solutions to varying environ-
ment dynamics. Much work remains for increasing haptic teleoperation performance in large
time delays by further examining unexplored components of the system such as environment
contact on the follower side. To address these issues this paper presents the novel use of an
SEA as a compliant end effector on the follower side. The coupling of the actuator force
and position provides improved transparency in time delays of up to two seconds and adapt-
ability to environment position variation. This approach has been show to be particularly
effective when implemented with a predictive model based controller on the master side, and
compliments the implementation of a F-P architecture.

To achieve better performance with the proposed SEA system, in particular when interacting
with a soft environment, the use of the HC model in the predictive controller is proposed.
Incorporating this approach in unstructured environments and providing a way to accommo-
date changing tasks necessitates a method for the proposed control architecture to update the
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remote side environment model. In these cases a priori knowledge becomes insufficient with
unmodeled dynamics or may simply be unavailable. To this end, this work investigates the
feasibility of various online estimation methods for obtaining the environmental contact force
in a time delayed teleoperation system. Multiple estimation schemes including output error
minimization with gradient descent and Levenberg-Marquardt, least squares, and Kalman
filtering were studied for estimation of the nonlinear HC model and various approximations.
To provide good performance in force estimation and parameter convergence, without the
limitations of previous linearization methods, a new Chebyshev polynomial approximation
of the HC model is proposed. Additionally, for a more robust solution to both control and
parameter estimation of the remote side, a backstepping controller with Lyapunov based
parameter update laws was examined. This scheme modifies the update laws to guarantee
a negative definite Lyapunov derivative, thereby relaxing the persistent excitation require-
ment. For this reason the proposed approach is more suitable to online implementation
than other estimation methods. Furthermore, to facilitate smooth transition in parameter
updates, shifting authority through a sigmoid function is implemented when new parameter
values are sent. In this manner there are no discontinuous changes in the reflected force due
to a model update.

As time delay increases degradation in performance is inevitable, particularly in the pres-
ence of disturbances. To enhance the system performance in these situations, the use of user
intention recognition for guidance and obstacle avoidance with semi-autonomous teleoper-
ation is proposed. The novelty of this work is twofold. First, a projection based predictor
for user intention recognition is implemented for target identification based on user motion.
Second, a control architecture for gross motion automation with subtask execution is de-
veloped for assistive teleoperation based on an optimal trajectory from an assumed path
planner. The target identification runs continuously allowing for target correction, with the
user controlling shifting between direct teleoperation or assisted control. By focusing on the
gross motion, there is no need to realign pose frames as in situations with auto grasping.
Moreover, this takes greater advantage of the teleoperation paradigm by leveraging user
knowledge to execute complex tasks in unstructured environments, while reducing the bur-
den on the user with trivial motion execution. Sub tasks of bounding workspace locations
and singularity avoidance are applied to the user as haptic feedback. A user study for a pick
and place operations is conducted to evaluate the proposed method’s performance and user
perception.
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Due to its simplicity and proven performance, the Smith predictor is the primary method
for dealing with time delay. In the Smith predictor, the desired force feedback Fg, can be

written as
FI] = ég(l e S]A)XD + F], (21)

where G is the follower dynamics estimate, T is the estimated round trip time delay, X is
the position of the master, and F; is the actual force feedback from the follower side

Fr=e STGD Xn-
Substituting this into (2.1) the equation becomes
Fo :ég(l e ST\) Xg+e STGD X,

where Gp is the actual follower dynamics and T is the round trip time delay. If the time
delay is known, T = T, and the follower dynamics are perfectly predicted, Gy = Gp, then
the time delay is canceled out and the reflected force becomes

FD = GI] XO-

Because no passivity enforcing control is applied to this architecture, the system is only
stable when there is full cancellation of the time delayed dynamics, Gy = G, with proper
controller selection on the follower side. Thus, stability for the system is dependent on
the accuracy of the follower and environment dynamics modeling. When modeling error is
present, stability of the teleoperation system can still be guaranteed for a bounded error
using Nyquist criteria [64]. From examination of the representative block diagram of an SP
in Fig. 2.1, the closed loop transfer function is

CGe ST _
1+CE+C Ge sT’

Y _
X

where G is additive modeling error. Based on the Nyquist theorem the system will be stable
if 14+C(1)G(j1)>C G(j')e !'". The additive error can be represented as G(j 1) G(j!),

11
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V<

C(s) G(s) | e

G(s)(1-e™")

Figure 2.1: A general Smith predictor system with time delay.

where G(J 1) is the multiplication modeling error. The stability condition now becomes
JL+[CENGEN] =] GG Ne i
Thus, ] GG 1)j <W(!), where W (1) is an upper bound function requiring
iL+[CcGnHGGN] Yj=wmw) 8t1:

Therefore, even with modeling error the SP remains stable for the teleoperation system based
on the appropriate selection of C(j 1) for the follower dynamics.

Oi0  O0fitibodl Uobodbid oooo

The HC method is well known and widely used to model unilateral contact with various
materials. It is particularly good at modeling viscoelastic materials with nonlinear stiffness
and damping [29, 65]. The benefit of the HC model is that the normal force F is continuous
and takes into account viscous friction forces for elastic conditions based on the contact
pseudo penetration . Here the force is expressed as

F=K;"+B; ", () O (2.2)
K. is the effective stiffness calculated as
<= 4R
3Ci+ j)
where = (1 V2)/E , for =i;j, where v and E is the Poisson ratio and Young’s

modulus respectively, for object I coming into contact with object J. By is the hysteresis
damping factor given by [66] as
_ 3Kyl ),

B
0 > ()
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where €7 is the coefficient of restitution and ( ) is the initial contact velocity. Contact with
both a stiff and soft materials can be modeled by changing Ky and ¢;, as both are inversely
proportional to damping [67].

The HC model is an improvement over the previous standard of the linear Kelvin-Voigt
model, F =k +b_ [68], that did not account for the hysteresis in energy dissipation during
contact as shown in Fig. 2.2 below.

3.5

0 0.01 0.02 0.03 0.04 0.05 0.06
Displacement (m)

Figure 2.2: Hysteresis curve of HC viscoelastic contact model.

The HC model is also useful because in the degenerate case of no damping it simplifies to
the nonlinear elastic Hertz contact model F =k " [69].

Oi0 OO0 0ooobdioooooo

This section reviews the method proposed by Haddadi et al in [28] to linearize the HC
contact model. The linearization begins by taking the natural logarithm of the HC model
after factoring out K ". Because of the logarithm, this method is only valid for > 0 which
aligns with the HC psudo penetration model.

B-()

InfF (0] = (K "O@ + == + )]
=In(K) + nin[ (t)] +In[1 + Bét) + 7 n(t)] (2.3)

Taking advantage of In(1+ ) for j ] << 1 and assuming
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B-(t) + B-(H + < 1;
K = K0 K K n(t) !

equation (2.3) can be rewritten as
WE®]  (K) +nln[ @] + = |_<(t) o

which is now in a convenient form for least squares estimation

— 0O .
Y« = k kTt K

where |/ is the regressor vector and | is the parameter vector being estimated, with
representing the modeling error and noise at each iteration. From the Haddadi linearization

of the HC model,

=IO = (<) gl y = nGF:

The original parameters can now be reconstructed as

R=e®; B=R (2); n= 3):

However, one major drawback of this method is that it assumes B‘T(t) << 1. To ensure this
criterion for the linearization the following condition was proposed [29],

- <O:lK_
Bl < —g—

This requires that the velocity of the operation be sufficiently small.

Ooi0  OUifboooonod

A system is said to be completely observable if all the states X(t) can be determined in finite
time given the outputs y(t). Consider a linear time varying unforced system

x(1) = A[MXx(D);  X(to) = Xo;
y(t) = C(O)x();
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with the unique solution

X(t) = (tto)Xo;

where (t; tp) is the state transition matrix. This system is uniformly completely observable
if its observability Grammian M (to; t¢) is uniformly positive definite, i.e.

Z,
M (to; tf) = “(to; )C” ( ;to)d I 8t O

to

This means that for the system to be observable, all the columns of M (tg; t§) must be linearly
independent on [to; t¢] [70]. For a linear time invariant (LTI) system where matrices A and
C are constant, observability can be seen as the duality of the controllability problem where
the N nm observability matrix

] 00

c’ AC (A" e’

is of rank n.

For nonlinear observability, conditions have mostly been developed for local observability.
The most common way of determining nonlinear local observability is by constructing an
observabilty matrix by using Lie derivatives of the output [71]. Consider a nonlinear system
described by a set of ordinary differential equations

x(0) = F(x(®);  x(to) = Xo;
y(t) = h(x(1));

where ¥ : R" ¥ R"™ and h: R"™ ¥ R™. The observability matrix can be formed by staking
Lie derivatives of the output function h(x). A Lie derivatives is defined as

LEh(x) = & (L§ *h())F(x);
with L$h(x) = h(x). Let q be the observability matrix defined as

L2h(x)

q= : ;
L 1h(X)

where  is some minimum number of equations needed to guarantee observability. The
system is locally observable if
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rank (g—i) =n:

All of the observability conditions for states can be extended to parameter identification
by treating parameters as states. Or, in the case of simultaneous state and parameter
estimation, the parameters can be appended to the state vector to form an augmented
state and parameter vector z =[x ].

For estimation methods, the observer or filter used must have the estimates converge to
the true value. To guarantee parameter convergence, the input(s) to the system must be
persistently exciting, to provide sufficient information in all the frequencies of interest. A
signal =[x U] is said to be persistently exciting if there exists an > 0 and T > 0 such

that for any t >0
Z ot

() () > T

t

Persistency of excitation implies that vectors of (t) at different times t are linearly inde-
pendent.

Oi0  0o0itoboibb Joigooo

This section reviews the various estimation methods used for parameter identification. The
estimation methods are introduced with the specific algorithm defined.

N A W W W

0000000 Ooooooo

Gradient descent is an adaptive filtering technique that uses a cost function to estimate
parameters of a function. The cost function is minimized by searching along the Jacobian, or

gradient, of a quadratic cost function towards the minimum. The algorithm is implemented
as follows

(=32 P
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where r( ) is a quadratic cost function consisting of the desired or measured value zx and
the modeled function f( ;X), and is the learning rate.

I

The Levenberg-Marquardt (LM) method adaptively varies the parameter updates between
the gradient descent and Gauss-Newton methods. Using the same quadratic cost function
and Jacobian definition as for the Gradient method, the parameter update is given by

k+1 = k +h;
h=@% + 1) 3%

where | is the identity matrix, ek =z F( ;X), and is a weighting factor that when large,
pushes the update closer to the gradient descent method and towards the Gauss-Newton
method when is small. After each update, if the iteration improves the approximation
r( +h)<r() isdecreased, otherwise is increased.

Q00000000 0oodd boooooo

Least squares is an estimation technique that minimizes the squared error of observed date
with expected or modeled values. It is commonly used for parameter identification for
linearly parameterized model of the form

y= "+

where " is the regressor vector and is the parameter vector being estimated. Minimizing
the squared error function

JO) =iy "%

a unique solution for can be found. This method can be augmented to be solved iteratively
online for yy = [ k + k leading to the recursive least squares (RLS) method defined by

Pk 1 «

Lk ]
+ Py1 ok

1
P« ="(Px 1 Lk Pk 1);

k= k 1+ Le(Fe ¢« 1)
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when the weighting factor = 1. This method is well suited for constant parameters.
However, since all information is held in the covariance matrix

X
Pkl * = %

i=1

even if if the prediction error is nonzero, the parameter vector will not change. To allow for
parameter changes the exponential weighting factor , also known as the forgetting factor,
is used to discount old data and weight new data more heavily. Thus, when 0 < 1is
used the method is called exponentially weighted recursive least squares (EWRLS).

Qoo Dofiob Olinoooog

The Kalman filter is an algorithm that estimates states assuming a Gaussian process for the
system with a mean and covariance. An initial belief X based on the previous mean Xy 1
and covariance is update from the output C(Xx) or measurements h(xx). The Kalman
gain K, which weights how much of the measurement should be used to correct the initial
belief is then calculated . The new belief and covariance Xx and g respectively, are the best
solution in the least squared sense. The Kalman filter (KF) is implemented as follows

Xk = AXk 1+ ByUy;
k= Ac k 1A+ R
K = kCJ(Ck «C{ +Qu) %
Xk =Xk + Ki[zw  C(X)];
k=0 KCy) «

where A is the state transition matrix, B is the control input matrix and C is the output or
observation matrix.

I N W

The extended Kalman filter (EKF) uses a Taylor series linearization to handle nonlinear func-
tion that are not Gaussian. This allows for the augmentation of the state vector to include
simultaneous parameter estimation. However, since the state transition G and observation
H are linearized as Jacobians, the solution is no longer optimal.

The EKF algorithm can be implemented as follows
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Xk = F(Ui; Xk 1);
k =Gk « 16 +Ry;
Ke = kHJ!(He «H +Qu) 5
Xk = Xk + Ki[z  h(x)];
k=0 KgHp)

where

G= o H=

Xk

®|©
X | =h
®|©
X |

Xk

and | is an identity matrix, f(u;X) is the nonlinear state probability equation, R is the
process covariance, and Q is the measurement covariance.

Lo0ooobo Ooiooo doood

The unscented Kalman filter (UKF) is a variation of the Kalman filter that uses a different
linearization method involving a weighted linear regression process. This is done by the use
of sigma points . Given n states, there are 2n + 1 sigma points defined by

0= ;

. P
[il= +(C _(n+ ) )i i=1:m
[ij= C (n+ ) )in i=n+1:002n
where is the mean, is the covariance; = ?(n+ ) n, where and are scaling

factors for the sigma points’ separation from the mean. Two weights are assigned to the
sigma points as

Wm[0] = ———;

Wc[o]:nT+(1 24+ )

Wm[i] = we[i] = ﬁ; i=1;::::2n;
where is used for the distribution with = 2 for a true Gaussian.

The UKF algorithm can be implemented as follows
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= 0 ) e Cor) e

k= F(u « 1)
3
k= Wm[i] [i];
k=0
3
= we[i]( W[i] Wl O+ R
k=0 a_ a_
k=(; + M+ ) (n+ ) «);
Zy =h( «);
3
= wm[i]Z[i];
k=0
3
Sk= Wil(Z[i] ANZli] A)”;
k=0
_ 3
ALY [ [ S 107 [] [ 2% I
k=0
Kk= >k(;ZSkl;
k= +Ki(zk &),
k= k KkSkKkDZ
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As a different approach to the estimation methods outlined above, Lyapunov based adaptive
parameter estimation can be used to provide control as well as parameter update laws. One
way of implementing this is through the use of adaptive backstepping for nonlinear tracking
in the presence of unknown parameters. Provided that the system in question has matched
structure, i.e. the control term is in the span of the terms containing unknown parameters, a
controller is first designed implementing adaptive backstepping assuming known parameters.
Utilizing certainty-equivalence, the unknown parameters are then replaced by their estimates,
and substituted into the dynamics equation. This yields the error system. The update law
for the parameter estimate is then obtained via Lyapunov function consisting of the system
and parameter error.

The generalized design process is outlined as follows. Consider a nonlinear system that can
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be written in parametric strict feedback form

Xi = Xies + Ti(xginx)" s i=Lnnn L

Xn = OQu+ 7,(x)" ; (24)

with the output y = X; and where 2 RP is the vector of unknown parameters, > =

1,:11; 71 2 R" is a vector of smooth functions whose components are in RP, (X) & 0 8x 2
R". It is desired for (2.4) to asymptotically track a trajectory of a reference model given by

2 3 2 3
0 0
— : | : :
Xg = n1 zx +§ zr,
f nE
Mo Mnp 1 km

Yo = Xoos

where the state matrix is Hurwitz, Ky, > 0, and r(t) is a bounded and piecewise continuous
reference input where the derivatives of y; are available from the states, ¥} = Xpj+1. Using
backstepping, the adaptive nonlinear controller can be recursively obtained as follows

Zj =X Y§ ! i 1,
< 0 0
A\ 1 1
) DL
diZi + @ IAl i+ @ k,\ ! W;Zk, (25)
@ eo O
i — i 1+ Wz,

—_ X @ [

Wi =75 ks
e 0%
where ¢; >0; 1 =1;:::;n, zo £ 0, o £ 0, o £ 0. This leads to the control law

1
UZE[ n+ Y,

making the error system z = A,(z; " )z+W(z; " )" z2R"wherezy = X3 Xpo =Y Y
is the tracking error, and the matrix-valued functions A; and W are
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2 3
c, d 1 0 0
1 Cc d 1+ 3 on
Azt = 0 1 ,
: " 1+ 410
0 2n 1 n 1n Cnh d
W(z;’\;t) = wyq i wy, 2R
where = 8i1 In the above controller design, d = jw;j? is an optional nonlinear

damping factor t(?lat improves the transient response of the system, but may be omitted if
desired. Choosing the Lyapunov function as

1n 15 -
=-77+ - :
2 2
leads to the update law
= wz

For further detail on the derivation of the above design, the reader is referred to [72].

00 Joooiuibd 00ouoonoo

Nonlinear swapping provides a method to deal with unknown time varying parameter esti-
mates by using filters. Consider the nonlinear system

z2=Az; ")z +W(z; )7+ D(z; )P

2.6
vi=h@z; Ntz +1(z; )W ()0 (26)
along with the filters
P=AENY Ty oWz N 27)
v, =h(z; %) P+ 1z oWz N7 '
-=A(z; " t) + "T+Q(z; ™ )= (2.8)

Y3 = h(z;A;t) :
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Assuming that z is continuous on [0; 1] and that there exists a continuously differentiable
function V : R™ R4, ¥ R, such that

iPovesn o L i (2.9)

and for each z 2 C°,

V A Vv .
%—A(z; 1) +%—t s % (2.10)

8t 0;8 2R";, 1; 2 3>0,then 82(0); (0)2R"8 (0)2RP "; 8t 0 the outputs
of (2.6) - (2.8) are related by

Yyi=Y2 +ys3+y:

Noting that

y) =y1 vys V¥2~
=hz+h +IW" h

= h(z + 0~
=h(z; " 1)~

O

and differentiating ~=z + ~ we obtain

~=7+4 _ _D~ O~
=A@z + 77
= Az 1)~
which used with (2.9) and (2.10) gives
@V 7\ @V Y 3
V(=t) = —A(z;  t)~+ — ~] —V:
CDESACHIDEE IS

Thus, V is uniformly bounded and V(t) ¥ 0 ast ¥ 0. Furthermore, j~(t)j pV )/ 1,

implying that ~ is uniformly bounded and converges to zero. Therefore, since h(z; " t) is
bounded, y is bounded and converges to zero.
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Normally parameter estimation, whether derived through filtering or Lyapunov methods,
requires persistent excitation. As a result, depending on the system convergence may not
be achieved or it may be slow. To overcome the persistent excitation requirement the work
in [35] utilizes nonlinear swapping to modify the Lyapunov function used to derive the
parameter update laws. This is done by implementing stable data accumulation to ensure
that the Lyapunov function is negative definite with respect to the parameter error, thereby
guaranteeing convergence. This method is detailed here as follows.

Considering a system of the form x = f(x;u) + G(x;u) with output y; = h(X)X, it is

assumed that there exists a bound control law u = (X; A; t) and an estimation law of the form

2= (z;x; ™ 1), that results in the closed loop error dynamics z = f(z; ™ t) + G(z; " t)™,

from a Lyapunov function of the form V (z; ~ = z"z+"" U~ whose derivativeis\ = z"Cz,
where ~ = A, and C is positive definite. The estimation law is modified as

N

= (+ )
where
:M~:W><D x&x"'QD e
such that the Lyapunov derivative becomes
V= z°Cz M~ (2.11)

If M is positive definite, the Lyapunov derivative is negative definite and the estimation
error converges to zero according to the LaSalle-Yoshizawa theorem [72].

To make M positive definite, nonlinear swapping and data accumulation is implemented
as follows. First, an algebraic connection between the system states and the parameters is
made using the filters for nonlinear swapping as

2= ,(x R®+F+G " +K W, vy, =h®)zZ; (2.12)
Wy = Wy + KG; y3 = h(X)K, 'W,; (2.13)

such that

- b

globally bounded and Wy~ = & with the relation & = Ky(ex ~).
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00000 From the choice of filters, the outputs are related by

y =h(X)~=y1 Yo VY37

such that
~=x R K/w,™

Differentiating and substituting
==x 2 KW~ K W~
=f+G ( x(x R+F+G"+K W5 K I W +KG)~ K W,
= (x R KW, K W, K OwE
= x(x & KW,

Furthermore, the relation given by & is confirmed by substituting in ~into & = Kx(ex ~),

Wy~ =8 = Ke(e )
=Ku((x R) (x ® K WD)

= KK, "Wy ™
Wy~ =W,
O
Next, a coordinate transform = Q is performed for data accumulation such that

Q = r(Qr Q)WXDRXWX; Q(O) =0;
= Q@ QWIR(x + W), (0)=0;

N N
= Q :

where Ry is positive definite,  is negative definite, Q, is a constant full rank reference
matrix, and T = "= Q~.

The definition of these signals through nonlinear swapping and data accumulation is done
such that ~ converges to zero and Q achieves full rank, so that the estimation error ~
converges to zero. This is evident given when Q has full rank, M = W/ & + Q" Q has
full rank and is positive definite, making eqn. (2.11) negative definite and guaranteeing the
parameter error converges to zero.
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Mechanical aspects of the teleoperation system have often been overlooked as possible av-
enues to address system performance. Previously, researchers have focused primarily on
control methods for the communication channel to improve performance and system passiv-
ity. In a different approach to the problem, this work proposes the novel use of an SEA as a
compliant end effector for the follower side. The addition of an SEA for passive compliance
on the follower provides many advantages for improving the capabilities of teleoperation
systems. These advantages are discussed in detail in the following sections.

Ooi0 DOobobbobt Oooood

The proposed system uses an F-P architecture with a predictive control strategy to combat
the effects of time delay. In this approach, the remote robot tracks a position command
from the master device and sends back the external force from the environment. The envi-
ronmental force is then reflected back onto the user by the master haptic device. Because
the remote side tracks the master position it will be referred to as the follower. In this
scheme, transparency is achieved through position and force matching such that Xg = Xg
and Fp = Fy, where the subscripts h and e refer to the human operator and environment
respectively. For the predictive control, a Smith predictor (SP) is used. With this approach,
the delayed force from the follower-environment interaction is cancelled out by the predic-
tive model. However, the controller must have perfect knowledge of the delay and entire
follower side dynamics. Any modeling error will result in degraded system performance and
potential instability. Because the delay is cancelled out, the user on the master side will
receive feedback from the system as if there is no delay. The block diagram for this proposed
architecture is depicted in Fig. 3.1.

For the SEA in the proposed system, a generalized force sensing rotary model, similar to that
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Figure 3.1: Block diagram of the proposed force-position Smith predictor architecture.

examined by [74], is formulated and modified for a linear case. Including the electrical and
mechanical subsystems, the SEA is modeled as follows. The electrical system is coupled to
the motor dynamics by the motor torque, which is proportional to the current as g = Kpi
with motor constant Kg. The motor is coupled to the load by ppp through the spring
displacement d; =N ! 5 |, giving

Ri+L%Y+Kgn=V;

Joo+Boo= o oo (3.1)
JIXi+BixXi= o+ oo
Kody = ;s

where J; and B, are the mass and damping of the load, Jg and By are the motor inertia
and damping, V is the voltage applied to the motor, L is the armature inductance, and R
is the armature resistance.

For the proposed linear actuator, the rotary motion from the DC motor is converted into
linear motion with a lead screw as Xg = N ! gl1/2 | where | is the screw pitch. The
force applied by the SEA is then Fppp = Kyd where displacement d = Xg X, and Xp
and X; are the motor and load positions. The general linear load dynamics now become
Mix; + Bix) = Foon + Fomo.

From the system of equations above, an open loop transfer function relating the output force
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of the SEA to the input voltage while the follower is in contact can be written as

FDDD — K]KEII .
v 2 s[(Ls + R)(Jgs + Bp) + K2]’

A PID control law can now be applied to this for position control of the SEA for implemen-
tation of the proposed F-P architecture as follows

e=Xg X 7
V =Kpe+K; e+ Kpe:

Without loss of generality, X; can be set to zero with Xg being the new set point relative to
X;. The transfer function for the follower side dynamics for use in calculating Fy in the SP
is now

KDKDI(KDSZ + Kgs + KD)

0 = T (s + R)@us +Bo) + K2]
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The addition of passive compliance to the follower provides many advantages for improving
the capabilities of teleoperation systems. In the implementation of an F-P architecture, the
reflected force becomes proportional to the follower position through the spring constant.
Therefore the outer loop force control also drives the position tracking. In this manner, the
transperency of the position and force are coupled and no longer subject to the same drift due
to the performance-stability trade off. In addition to reducing the common deviation between
force and position error, the compliance also simplifies modeling of the follower-environment
with favorable contact conditions. Because an SEA duels as a sensor and actuator, it also
provides a convenient sensing method for the environment contact pint, allowing to adjust
for movement of the environment. Moreover, the SEA helps to decouple the inertia of links
in a manipulator, reducing impact forces that can help the contact in many applications.
Overall, due to the compliance and force position relationship, the system is far more robust,
in particular in the presence of large time delays.
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Compliance is beneficial because with two objects in contact, the kinematics of the most
compliant member dominates. This becomes evident by examining the pole locations of both
a stiff and compliant system. The time constant depends on the pole locations Ref g, where

is an eigenvalue of the system. ’s with large time constants decay quickly and only the
compliant dynamics remain. Thus, if the follower has a compliant member such as an SEA in
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contact with the environment, where the follower impedance is much smaller than that of the
environment, Z; << Zp, then the force exerted by the follower on the environment reduces
to the SEA spring displacement as given by Hooke’s Law. However, this simplification
cannot be made with a stiff follower, or when the compliances have a similar relative order
of magnitude. For these cases the environmental force can be expressed as

£ = Ki(xs X)), Ky <<Kj
TTORGexex); K> KoK K

where K is stiffness with subscripts e, f, and s referring to the follower, environment, and
SEA respectively. T is a generalized function that is dependent on the follower position X,
environment contact location Xg, velocity X, and may be time-varying with linear or nonlin-
ear stiffness and damping. Naturally, if K; = K; then the SEA will be unable to measure
the contact force since the spring does not displace. For measuring environmental forces in
this situation, a secondary force sensor can be used at the expense of stiff contact behavior
common in F-P architectures. Thus, the spring stiffness must be appropriately selected for
the environment and use case. Environment dynamics can also be nonlinear. With tra-
ditional SP approaches, nonlinear environment dynamics cause prediction errors that lead
to transparency losses, thereby destabilizing the system. With an SEA, the environment
position is known through contact with the follower and the position is encoded in the force
signal. This is used to update the prediction model and allows the proposed system to have
good force and position tracking even in contact with soft nonlinear environments.
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Compensating for time varying environment dynamics is important for teleoperation systems
with large time delays since prediction schemes in particular necessitate exact knowledge of
the follower and environment dynamics. Generally, the follower side dynamics are assumed
to be known a priori and not subject to disturbances. In predictive architectures, inaccurate
estimation will have losses in transparency from delay cancellations, and subsequently large
force reflection error. Thus, any unknown environmental variations can lead to undesired
collisions resulting in destabilizing oscillations or damage to the system and environment.
Because the SEA is capable of both position and force sensing, it can be used to compensate
for varying environment dynamics without the use of a neural network or an adaptive control
scheme. For environment position variation, if there is an error in the environment contact
location, Fg & F; even if Xg = X;. Because the force on the follower is proportional to the
SEA spring displacement, X7 can be calculated by the difference in follower position and
spring displacement as

Fr

Xgp = X k_D (32)
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The spring displacement cannot be used directly since the F-P architecture only uses two
channels to send and receive the position and force respectively. During operation when
the environment position varies, the contact location X is determined from eqn. (3.2) upon
initial contact with the environment, and the force reflection is carried out with the new
estimate. This method continuously updates X7 while in contact with the environment.
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Since the proposed solution involves compliant contact with the environment using an SEA,
a simulation was performed to examine the advantages and consequences of such contact.
Additionally, aspects of the follower side lower level control strategy were examined as a
means to further investigate this application. As the simulation involves only the follower
side, no delay was used for this simulation. The rationale behind such a simulation and
looking into these cases is that as the literature review mentions, there has been little work
done to explore these affects as they pertain to teleoperation. Often, the initial contact
dynamics are not considered in teleoperation since a stationary environment is passive from
energy and momentum conservation of impact. However, this ignores important aspects of
the system such as the large impulses that occur due to discontinuity in velocity upon impact.
When these are large, the resulting oscillations can degrade performance, in particular for
higher speeds. Perhaps since teleoperation was developed with a "move and wait” strategy in
its formative years [1], most studies and applications have been low bandwidth, which helps
in the follower prediction but limits practical application. Another advantage of SEA’s over
direct drive actuators is that they do not have chatter when in contact from a stiff load cell
reading in high gain feedback [38]. This is an important distinction further investigated in
simulation, as this sensing method is implemented most often for teleoperation. Moreover,
gain limitations affect the amount of modeling error the system can handle with an SP as
discussed above.

To further investigate how the contact dynamics affect the system, a simulation was carried
out in MATLAB for a generalized scenario of a 0.1 m rod making contact with a wall 0.05
m away. Actuation with a stiff motor was compared to a rotary force sensing SEA with
dynamics defined by eqn. (3.1) with parameters listed in Table 3.1. Unilateral contact
dynamics were implemented using the nonlinear Hunt-Crossley (HC) model [26].

Results for contact with a stiff environment are depicted in Fig. 3.2 for K; and c¢; values of
2.8 10% and 0.75 respectively, with a proportional gain Ky of 7.5. The target force was
set to 2.5 N. The results show a substantial amount of chatter and overshoot for the stiff
motor, whereas the SEA settles much faster within the acceptable error. The simulation
was repeated for contact with a soft wall with Kg, ¢;, and Kg values of 2.8  10%, 0.5, and
18. As the wall stiffness decreases, the SEA loses its compliance advantage and has a larger
settling time than the motor as demonstrated in Fig. 3.3. It should be noted that because of
the compliance and damping of the material, the motor settles behind the nominal contact
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location as the wall is deformed. Moreover, because of the SEA compliance the final settling
distance within the wall is different despite having a negligible difference in steady state
error.

In the proposed F-P architecture, the follower is position controlled. Simulations were also
run for stiff and soft contact with proportional position control targeting the wall location
at 0.05 m. The same K and ¢; were used as before with K set to 80. Results did not vary
much for stiff and soft contact, and are shown in Fig. 3.4. In both cases the stiff motor
had large overshoot and chatter, but occurring with much less frequency than in the force
control case. The SEA showed less overshoot than with force control. These results support
the use of an SEA over a stiff motor for sensing and actuation as a means to increase the
capabilities of delayed teleoperation systems.

Table 3.1: Simulation parameters.
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Figure 3.2: SEA vs. Stiff Motor simulation results in force control with stiff unilateral
contact force modeling.
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soft unilateral contact force modeling.
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Experiments were set up to validate that the performance of a time delayed system is im-
proved by the use of an SEA, as well as demonstrate the capability to adapt to a varying
environment. A Geomagic Touch haptic device was used as the master and a force sensing
SEA as the follower. The experimental setup is shown in Fig. 3.5. For the experiment, a
one degree of freedom contact task was performed for ease of comparison with literature.
The Geomagic Touch user input and haptic feedback was restricted to motion along one
axis. The linear actuator on the follower side used a potentiometer for position feedback to
implement the Smith predictor architecture from Fig. 3.1.

Follower - SEAJ

Figure 3.5: Experimental setup with Geomagic Touch, SEA, and stiff actuator.

The master side control was executed on a computer communicating through a serial port
to a Teensy 3.2 microcontroller on the follower side. Although serial communication does
not provide a constant delay, buffer sizes were set to achieve a maximum upper bound to
the delay. The master side was implemented using Simulink, and a delay block was used to
create a well controlled artificial delay. The Simulink model was executed at 1 kHz. The
contact experiment was conducted for a 0.5, 1, and 2 s RTT. Contact with an aluminum wall
was performed with a user input target force of around 2.5 N. The estimated force signal was
displayed on the computer screen to aide the user. Contact was initiated for approximately
two seconds and the device was returned to the starting position to repeat the contact. The
experiment was conducted with an SEA in both a stationary and varying environment. A
similar test was conducted for soft contact with foam.

The follower uses a Firgelli L12-30-210-6-P linear actuator with a guided compression spring
and a 20 kOhm linear potentiometer for the spring displacement measurement. The spring
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has an overall length of one inch and a stiffness of 0.86 N/mm (4.93 1bf/in). This size was
chosen to investigate finer movements while staying within typical hand exoskeleton limits of
10 N [75]. The SEA was placed 9 mm from an aluminum L-bracket acting as the stiff wall.
The environment contact position was known to the controller, and system identification
was used to obtain a model for the SEA. A manually tuned PID controller was used on the
follower to track the master position

OoioiD 000 Obid Ouooooo

From Fig. 3.6 it can be seen that the use of an SEA greatly increases performance in terms of
transparency for position and force tracking. These results can be compared to existing work
in the field that use a stiff follower as referenced in Section 2. One of the greatest benefits of
this implementation is that accurate force matching is achieved without sacrificing position
accuracy as with traditional methods. With the use of an SEA, position and force is linearly
related and thus the follower position tracking is also part of the environment sensing and
force reflection estimation. Consequently, any position errors from inaccurate modelling of
the follower and environment dynamics will directly affect the force tracking. Additionally,
from a more detailed inspection of Fig. 3.6, the resolution of the spring displacement af-
fects the force reflection accuracy since the force and displacement are coupled in an SEA.
However, the proposed system still demonstrates excellent performance, with force reflec-
tion accuracy to within a few tenths of a Newton, and position tracking to less than half a
millimeter, even at a time delay of two seconds. Some data packet losses were observed, but
the occurrence was infrequent and did not have any significant effects on performance.

U0illl 4oibuott Lodobiooa

A similar experiment was carried out without compliance, using the same model linear
actuator. A force sensing resistor (FSR) was placed on a stiff wall 6 mm away from the
actuator end to sense the environment contact force as in a traditional F-P architecture.
The FSR was calibrated by applying objects of varying weights to the sensor on a scale. The
user made contact with the wall with a target applied force of 2.5 N as before. The results
in Fig. 3.7 show the typical performance of such a system. At small time delays of 0.5 s,
the force tracking is sufficiently accurate with significant position error typical in approaches
using a stiff follower. As the time delay increases the force reflection performance diminishes.
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In most studies, the environment is assumed to be stationary, and determining the contact
location is often overlooked or assumed to be known a priori. This is one of the greatest
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Figure 3.6: Master and follower contact with an aluminum bracket for a 0.5, 1, and 2 s RTT.
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Figure 3.7: Master and stiff follower contact with aluminum bracket for 0.5, 1, and 2 s RTT.
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Figure 3.8: Example of master and follower position with a changing environment contact
location in one second RTT.

Table 3.2: Varying environment contact location error.
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limitations to practical application of teleoperation systems since environments in real life
are often time varying. Based on a review of recent work, few studies have mentioned the
capability to handle varying contact positions [15, 19], with limited discussion. However,
the ability to adapt to time varying environments is important to extend the capabilities of
teleoperation, particularly in the presence of time delay.

An experiment was conducted where the environment contact sensing and correction (ECSC)
method defined in equation (3.2) was applied to the SEA controller. A 6 mm block was placed
between the wall and the SEA to change the contact location. The user was instructed to
make contact with the wall as before, assuming the original contact location at 9 mm. The
teleoperation system was set with an initial contact location of 9 mm as well. After the
first contact, the block was removed and the user was instructed to make a second contact
at the original wall location at 9 mm. The ECSC is an online correction method that is
constantly executed throughout the motion. However, because it is based on F;, it is only
updated once contact is initiated. Moreover, since the ECSC is on the follower side, the
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user receives an update only after the backwards time delay duration, or half the RTT for
a constant and symmetric delay as in this implementation. The accuracy of the sensing
method is affected by the model accuracy and position error. As before, the SEA spring
displacement resolution also has an effect on the ECSC and thus an appropriate sensor must
be selected for the specific application of the teleoperation system.

Knowledge of the contact location is necessary for predictive approaches based on an SP,
and affects the force sensing of the SEA. As such, this becomes critical information for the
proposed teleoperation architecture. To evaluate the performance of the ECSC the test was
conducted with five trials at RT'T’s of 0.5, 1, and 2 s. The maximum deviation and average
settled value after contact is shown in table 3.2. The results do not follow any significant
trend, although the average settled X; error was larger for trials with a two second time
delay. This is likely due to the increasing error between F; and Fy as the communication
delay increases, causing drift between the estimated X; and the actual contact location. This
provides the first quantitative result known to the authors for capabilities to compensate for
environment variations. Contact tests were also conducted with a soft environment using
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Figure 3.9: Master and follower contact with foam block environment location, 0.5, 1, and

2s RTT.

a foam block. For soft materials the contact location changes as the material deforms.
Therefore, Xg must be updated on the master side to prevent modelling errors that will
degrade performance and potentially destabilize the system. Fig. 3.9 demonstrates the
performance of the proposed system and the ability of the ECSC to correct for dynamic
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environment variations on top of the static case discussed above.

For small time delays, the ECSC is able to correct Gy with small force errors. As the
delay increases, the update time causes greater force estimation overshoot until contact
is maintained and the correction allows Fpp and F; to converge. Although in dynamic
environment variation the correction will always trail the actual contact location, in small
delays the performance can be acceptable for small bandwidths. Moreover, these results are
particularly promising as the ECSC assumes no knowledge of the environment dynamics.
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This work presented the improvement in performance and transparency for a robust teleop-
eration system with the use of an SEA on the follower side in a F-P architecture using a
Smith predictor. Simulation results demonstrate the benefit of using an SEA for unilateral
contact with a stiff environment over direct actuation. Compliance in the system demon-
strated a reduction in chatter and overshoot for both force and position control in stiff and
soft environments. In experiment, accurate force and position tracking was achieved in an
RTT of two seconds for contact with a stiff environment. Additionally, a method to account
for variations in contact location, ECSC, was developed and demonstrated. Contact with a
soft environment showed good performance in an RTT delay of 500 ms, but diminished as
the delay increased from modeling error of the soft environment.



Looooot O

LUIIU0 Qoo bl oty bboo
L0O00oiD tub bool dobod oot

As indicated by the above results for the teleoperation system utilizing an SEA, contact
with a soft environment requires better knowledge of the environmental contact force. This
limitation can be addressed by using a better model of the environment in the predictive
control scheme that can more accurately represent the interaction force with soft materials.
In this proposed approach, parameters of the environment model are estimated online on the
remote side and then sent to update the predictor on the master side of the teleoperation
system. In this work, the Hunt-Crossley model is implemented as it the most widely used
continuous contact model, with the ability to account for nonlinear stiffness and visco-elastic
damping. A detailed definition and discussion of the HC model is presented in Section 2.2.

For the proposed method, the parameters of the HC model defined by equation (2.2), would
be identified in real time during teleoperation from contact with a given environment. Once
the parameters converge, they are used to update the environment side model in the predic-
tive controller. As the parameters update between different materials, the use of a smooth
transition function is implemented to avoid jumps in the reflective force that would poorly
affect operation or distract the user. A block diagram of the proposed method is shown
in Fig. 4.1. Although this approach is not new, previous studies using online parameter
estimation for teleoperation have not fully addressed the problems in its implementation.
For instance, although there is large support in the use of the HC model for teleoperation
in particular, as reviewed in Section 1.1.4, few have demonstrated a way to estimate the pa-
rameters while maintaining the nonlinearities of the HC model [15, 16]. Due to the challenge
of nonlinear parameter identification, an alternate approach is to linearize the HC model to
make it suitable for estimation with least squares techniques such as in [27, 28, 29, 30, 31, 65].
However, linearization assumptions can limit the application of these methods, and naturally
have increased error as they do not truly capture the nonlinearities.

Depending on the application, either nonlinear or linear approaches for parameter estimation
may have sufficient accuracy to use when their given assumptions are met. Nonetheless,
it is important to make the distinction that estimation does not provide control stability.
Moreover, inaccuracies in estimation reduce stability margins, and methods requiring long
convergence times or sufficient excitation may further disrupt performance when used in
a teleoperation system. Thus, a method that provides both stability as well as parameter

39
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convergence with minimal excitation requirements is of great interest.
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Figure 4.1: Block diagram of environment estimation control architecture.

The work in this chapter first examines and compares the use of various nonlinear parameter
estimation methods to identify the parameters of the HC model. Next, a new linearization
method that overcomes previous limitations is proposed. Both the nonlinear and linear meth-
ods are discussed and compared for use in a teleoperation system. Finally, a new adaptive
control and parameter identification approach that does not require persistent excitation is
examined.
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The nonlinear estimation methods examined involved output error optimization and Kalman
filtering. Specifically the methods studied were gradient descent, Levenberg-Marquardt,
EKF, and UKF. The algorithms for these methods are detailed in Section 2.5 for reference.
For the output error optimization, the quadratic cost function being minimized was

r=( F)%

where h is the measured or simulated force, and F = K "+ B "_ is the modeled force. At
each time step an update to the parameter vector = [K;B;n]" is calculate.

For the Kalman methods, simultaneous state and parameter estimation was implemented by
augmenting the state matrix as

x=[;-K;B;n]":



4.2. Chebyshev Polynomial Approximation 41

Putting this in a discrete form for the next update gives

2
k1t+t« 1 t
« 1
Xk = F(X) = Kk 1 + O,
Bk 1
Nk 1
with the observation equation
F K Nk 1 + B Nk 1
hk: k +rk — k 1 k1 k 1 k1%k1 +rk:
K k1t x1 t
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To overcome the shortcomings of the Haddadi linearization method an approximation using
n

Chebyshev polynomials is proposed. By using Chebyshev polynomials to approximate ",
better performance is achieved in comparison to the Quad Poly linearization in [31] as well.

The Chebyshev series is a set of polynomials that form an orthonormal functional basis.
They are particularly well suited for approximating other functions with periodicity. The
Chebyshev polynomials of the first kind are defined by

Ta(X) = cos[ncos '(X)]; x2[ 1;1]; n=0;1;2::::

This leads to the property

Tn(cos ) = cos(n ); 2[0; I; n=0;1;2::::

The first five Chebyshev polynomials are

To(x) = 1;
T1(X) = x;
To(x) = 2x* 1

Ta(x) = 4x3  3x;
T4(x) =8x* 8x*+1:

p
Chebyshev polynomials of the first kind are orthogonal with respect to 1/° 1 X2, giving



42 Chapter 4. Online Estimation of Environment Dynamics for Model Based Methods

8' n=m=20
%1 = =

Z
! TE]SX)Tm(X)dx _ 5 n=mé&o0

1 1 x2 _§0; né&m:

The exponential term in the HC model is approximated using Chebyshev polynomials leading

to > >
Fim=K "+B ".~ iTi(X) + iTi(X)-; (4.1)

where X is a normalization ensuring the psudo penetration is on the interval [-1,1], and
1 =0;1;2;:::;n. The coefficients j and j are computed by the projections

Z n
i=NN K ) de;

Zo 1 x2
L n
T.
i=NN B de;
0 X

where L is an arbitrarily defined penetration limit for a given application, N = 2/L is a
scaling for the normalization of the penetration, x = N 1; ( (X) = XN—+1), and N is a
scaling for the orthogonality property with N =1/ when i =0and N =2/ otherwise.

The Chebyshev approximation can easily be put into a form that is convenient for parameter
identification

— O».
FenV_ )

with  =[ ;i1 ;i nl? and 7 = [Ti00; 11 Ta(X); Ti0) -5 115 Ta(x) -]

Naturally, a better fit is achieved with a greater number of terms as depicted in Fig. 4.2.
However, this in turn comes at the cost of requiring a greater excitation for convergence. To
alleviate the need of persistent excitation with increased terms, a method developed by [35]
is applied and presented in Section 2.8.
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To evaluate the performance of both linear and nonlinear HC estimation methods a sim-
ulation study is carried out for a simplified second order remote system in contact with a
stationary environment in MATLAB and Simulink. The trajectory used for the contact was
Xg = 0:1 + 0:05sin(2t). Soft material parameter values of K = 300, B = 122, and n =
1.5 were arbitrarily chosen for the simulation. Table 4.1 gives the results of the simulation
providing the estimation error of the contact force and whether convergence was achieved.
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Figure 4.2: Comparison of Chebyshev polynomial approximation of the HC contact model
using the first 3, 4, and 5 polynomials of the first kind, K = 300, B = 122, n = 1.5.

The parameter mean and variance of the last 100 updates is also provided for methods that
recover K, B, and n.

Table 4.1: Simulation results of linearized and nonlinear HC parameter estimation methods.
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For the nonlinear methods, no convergence was achieved with the EKF and UKF. The
influence of the exponential term particularly proved too sensitive for the method to estimate.
Various cases were run for different magnitudes and parameter values as well as permutations
of having one, two, or all parameters unknown (N known with K & B unknown vs. K
known with n & B unknown etc.). The trials resulted in convergence as long as at least
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one parameter is known. However, when all three parameters are estimated, the tuning
of the covariance matrices proved to be too sensitive to achieve convergence, and at best
parameters would oscillation around a steady state value with an amplitude that made them
unusable. Although the parameters did not converge, in all cases the environmental force of
the HC model was estimated with high accuracy. Perhaps this is why the results of [33] that
implement a UKF only show the estimated force, and the work in [76] assumes a value for
n in their EKF.

On the other hand, both the gradient descent and LM optimization were able to recover the
parameters with varying degrees of error. However, a few modifications to the algorithms
had to be made to achieve sufficient results. Optimization algorithms depend greatly on the
learning rate used during the update. For stable steps towards a minimum the maximum
learning rate must be limited to

2

0oo

<

where g is the largest eigenvalue of the cost function’s Hessian matrix H = r?r( ). Using
a constant learning rate did not achieve good performance and resulted in small parameter
updates that would require very long estimation times. Thus, a varying learning rate was
used that updated at each iteration to optimize the learning rate along a line F( x+ kpx),
where py is the search direction [77]. This results in the learning rate being calculated at

each step as
_J9g
KT JOHJ

This improved the update step, but due to the different magnitudes of the parameters, a
scaling factor had to be applied to the update. Finally, since the gradient descent method
is implemented online with one new data point per time step, it is susceptible to converging
at a local result. To overcome this, the initial conditions for the gradient descent method
were chosen on the same relative magnitude as the true parameters, ¢ = [100 100 1]. The
number of iterations for the gradient descent was kept constant at 1000 iterations per time
step. Out of the nonlinear estimation methods investigated, the LM algorithm proved to
have the fastest convergence and greatest accuracy in force estimation. The LM algorithm
is implemented using the built in LSQNONLIN MATLAB function. However, having one
data point per time step results in low robustness to noise. To overcome this, a mini-batch
approach is used. This is implemented with a tapped delay line of 500 samples for each
iteration of the LM algorithm. The number of iterations and function calls for each time
step is controlled by the LSQNONLIN function. The parameter convergence and estimation
error for both the gradient descent and the mini batch LM is dipicted in Fig. 4.3. For the
linearized HC methods, the proposed Chebyshev polynomial approximation, utilizing both
RLS and KF for the estimation, was compared to the Haddadi and Quad Poly linearization.
Since the Chebyshev approximation uses a set of polynomials for both K " and B ", there
are more parameters to identify than in the Haddadi and Quad Poly methods. However,
since the Chebyshev Polynomial approximation has a convenient algebraic form, it is suitable
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Figure 4.3: Comparison of estimation techniques for Nonlinear HC parameter identification.
K =300, B =122, n = 1.5.

for estimation with a Kalman filter as well as RLS. This results in faster convergence and
less error using the former in comparison to the Quad Poly method. When compared to the
Haddadi method, although the proposed approach has slightly longer convergence times, it
has the benefit of not being limited by a minimum penetration depth and loading rate with
a comparable error in force estimation. This allows for a greater range of application in
practical use. The parameter trajectories as well as the resulting error for these methods is
shown in Fig. 4.4.

Ultimately, the mini-batch LM method has the fastest convergence times and lowest error
out of all the estimators used. Since it maintains the nonlinear form of the HC parameters
as well, it is the best candidate from a performance standpoint. On the other hand, in
terms of implementation it can be the most computationally costly as the simulation had a
maximum number of iteration and function calls at 134 and 603 respectively. In comparison,
the proposed Chebyshev approximation can be a simplified alternative with Kalman filtering
that has similar accuracy and reasonable parameter convergence times, with no limiting
assumptions for the linearization. Thus, depending on bandwidth and convergence criteria,
either of the proposed Chebyshev approximation or LM method are improved alternative
estimation methods for the HC model that can be used in the teleoperation system.
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Figure 4.4: Comparison of estimation techniques for linearized HC parameter identification.
K =300, B =122, n = 1.5.
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Although the estimation methods above provide good parameter convergence and accu-
racy, they have the drawback of requiring sufficient excitation for parameter convergence.
Moreover, they do not address the control of the remote side system. To address these
shortcomings of the above estimation techniques, the use of adaptive parameter estimation
with nonlinear swapping and data accumulation is proposed as a solution. This method
was originally introduced in [35] for state parameter estimation and is detailed Section 2.8.
The proposed method as applied here will be refer to as the guaranteed adaptive parameter
estimation (GUAPE) method. The GuAPE method modifies the original implementation
to estimate the contact force model parameters, influenced by the control, instead of state
parameters as originally formulated. The following presents the derivation for applying the
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adaptive parameter estimation method to a general second order system with an externally
applied force.

Given a system of the form

X1 = Xa;
X2 = Xy aXx+b(u Fp);

with states X; and X, as the position and velocity, the external force Fy is modeled as the
Chebyshev polynomial approximation of the nonlinear HC environment force as defined in
eqn. (4.1). Nonlinear backstepping is applied to develop a controller for the system to track
a reference trajectory with the error defined as

Z1=X1 Y,
where Y, = X1 from a second order reference system
Xr = ArXr + Br;

with X = [Xr1 Xr2]” and A, Hurwitz. X, is used as a virtual control with the stabilizing
function chosen as

1= C1Z; + Yy

Defining z; = X, 1, the error dynamics become

Z1=X1 Yr=Xz Yr=122 CZy,

=X, 1= aXy aXp+bu b9
where _1 = €1z +Y, = C1X2 + C1Yr + Y, making
— Os .
Z; = aijX; aXp+bu b +C1X2  Ciyr  Yr:

Choosing the Lyapunov function as
1,,1,
Vi(21,25) = 521 + 522;
Vi =212+ 2,2, =212, Gzi+2( aXy  @Xp+bu b 7T HCiXe  Ciyr Vi)

To ensure that \ is negative definite the control input is selected as
1 Os
u= E( Z1  CZp+arXg+axy +h CiXp + C1Yr +Yr):

Substituting the estimates in the control the error dynamics are now
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Z1 =27y C1Zy;

Z,= 21 Cz, b7

with ~= " The parameter update is now obtained from the Lypunov function

1 1 1
Vo(V17) = zzf + 52% + §~D =~
1~ —

Vb =212 + 2,2+ 0 5= 0z cz2 P(zbT+ D) (4.2)

giving the update law

= zb7: (4.3)
From here, the nonlinear swapping and data accumulation filters Wy, = Q, -, with tuning
parameters , r, Ry, Ky, are applied using the same definition as in Section 2.8. The
estimator dynamics specifically for this system are now defined as

2=Ax+Bu 7)) (X X)+K W,

The parameter update law in equation (4.3) is now modified to give
T= (b + ),
where the modifier is now expressed in known quantities as
=M~=W_ W +Q"

Now, when Q achieves full rank M is positive definite. This makes the Lyapunov derivative
from (4.2) become V' = z9Cz UM~ where C is a positive definite matrix of control
gains ¢; & ¢, for z = [z1 Z5]". Since V. is negative definite, the estimation error converges to
zero according to the LaSalle-Yoshizawa theorem [72].

000 OJO0000 Ooob ooon »gooooy

When the environment parameter estimation is utilized in the Smith predictor based control
architecture, there are a few practical considerations that must be addressed. First, an initial
a priori estimate of the parameters must be made to close the loop in the teleoperation
system. Second, once new parameters converge there can be a jump in the estimated force,
and care must be taken that this transition does not disrupt operation. To provide a smooth
transition and maintain continuity in the signal, the use of a Sigmoid function depicted in
Fig. 4.5 is proposed. The function is defined as
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Figure 4.5: Example Sigmoid function from eqn. (4.4) with =1, =0.

1 .
1+e @ )’
where and are a scaling factor and offset, respectively, to change the slope and timing
of the parameter transition. Once a new parameter set is converged, is used to transition
from the initial parameters to the new parameters as follows

— O».
Fl_ 1 l
— O».
FZ_ 2 )

F= F+0 )Fy

where F is the haptic force being sent to the user. The criteria for when a new parameter set
is ready to be used can be heuristically determined based on application. This can be very
helpful depending what estimation method is used by allowing an updated force to be sent
smoothly, even while parameters are changing to minimize the delay between contact and
haptic force rendering. The update criteria used here is when the root mean square error
between the estimated and measured force is less then the desired tolerance.

000 U0i0ooopooioh tidooooiog

Since the adaptive backstepping approach addresses both control and estimation with guar-
anteed parameter convergences based on Lyapunov methods, it is chosen as the main method
to pursue for a haptic time delayed system. The GuAPE approach was applied to a full hap-
tic teleoperation system with time delay in simulation using Simulink. The master and
remote devices were generalized as identical second order mass spring damper systems. The
derivation in Section 2.8 was used for the control and update laws. The predictive con-
troller for the teleoperation system was implemented discretely at 1 kHz. The contact
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