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SUMMARY

The goal of this research is to develop theories, methods, and tools to understand the

mechanisms of neuromotor adaptation in human-robot physical interaction, in order to im-

prove the stability and performance of the interaction. Human power-assisting systems

(e.g., powered lifting devices that aid human operators in manipulating heavy or bulky

loads) require physical contact between the operator and machine, creating a coupled dy-

namic system. This dynamic coupling has been shown to introduce inherent instabilities

and performance degradation due to a change in human stiffness; when instability is en-

countered, a human operator often attempts to control the oscillation by stiffening their

arm, which leads to a stiffer system with more instability. Robot co-worker controllers must

account for this issue. In this work we set out to 1) understand the association between neu-

romuscular adaptations and system performance limits, 2) develop probabilistic methods

to classify and predict the transition of operator's cognitive and physical states from physi-

ological measures, and 3) integrate this knowledge into a structure of shared human-robot

control. We developed a model of the human operator endpoint stiffness, characterized at

the musculoskeletal level, that can account for deliberate stiffness increase at the endpoint

through the incorporation of muscle coactivation. We also developed a switching admit-

tance control approach which can account for changes in the operator's muscle coactivation

and is able to generate cognitive states in an unsupervised manner, given a relevant training

dataset. Finally, a novel variable admittance control approach, which signi�cantly reduces

grasp contact instability commonly encountered in �xed admittance control settings, was

developed, analytically derived, and provides solutions for both constant mass and variable

mass parameter cases.
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CHAPTER 1

INTRODUCTION & BACKGROUND

1.1 Overview

Collaborative robotics solutions are becoming the new frontier in industrial robotics, since

they offer to combine the advantages of robots (e.g., high levels of speed, accuracy, and

repeatability) with the �exibility and cognitive skills of human workers [1]. However, in

order to achieve ef�cient physical human-robot interaction (pHRI), a control system that

guarantees both operator safety and intuitive interaction should be properly designed. Phys-

ical contact between a human operator and a robotic device creates a coupled and bilateral

system with static and dynamic properties that differ from those of each isolated system

prior to interaction [2]. Most haptic controllers employ admittance control, which, rather

than simply scaling the endpoint force, generates an assistive force so as to mask the actual

system dynamics and allow the operator to feel a desired dynamic system. Current control

schemes implemented for these devices do not account for inherent instabilities, which can

arise due to the operator increasing endpoint impedance in an attempt to dampen unwanted

oscillations or to bring a motion to a stop [3]. Our research study seeks to design a haptic

controller that improves the safety and performance (e.g., speed, accuracy of human motor

intent prediction) of haptic assist devices, as displayed in Figure 1.1. We seek to improve

the control of these force assist devices through 1) the addition of operator physiological

data to current system inputs, 2) the improvement of current admittance and position con-

trol schemes, and 3) a data-driven control approach for improved stability and performance.

Research applications include, but are not limited to, intelligent assist devices (IADs) used

in manufacturing, building and construction, healthcare, logistics, and other industries.

Physical contact between a human operator and a haptic force assist device creates
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Figure 1.1: Concept of a Haptic System with Gain-tuning Capability using Operator Phys-
iological Information.

a coupled system, prone to inherent instabilities and performance degradation. Contact

stability issues often arise as a result of impedance characteristics, and time delay due

to the slower reaction time of the human operator compared to the period of the control

loop [4, 5]. In particular, Tsumugiwaet al. [6] have investigated the coupled stability of

a control system designed for a pHRI task and shown that the environment stiffness is the

most dominant factor contributing to the instability of the system. Force control approaches

in haptic devices have been shown to be susceptible to instability under contact with stiff

environments or the presence of a time delay, both of which are often present under physical

interaction with a human operator [7, 8]. When instability is encountered, a human operator

often attempts to control the oscillation by stiffening their arm, which leads to a stiffer

system with more instability. Robot co-worker controllers must account for this issue.

Current haptic controllers mainly consist of a position controller that tracks desired system

kinematics set by an admittance controller. However, this common approach is limited

by a well documented tradeoff between stability and performance (e.g., speed, accuracy,

prediction of operator motion intent) [6, 7, 8].
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Figure 1.2: Block diagram representation of a haptic controller tuned via processing of
sensor data including the operator's muscle coactivation.

1.1.1 ProblemStatement

The current research ultimately aims to understand the relationship between system per-

formance characteristics and neuromuscular adaptations in pHRI, and to develop method-

ologies to achieve high-accuracy classi�cation and prediction of operator cognitive and

physical states based on physiological measurements. We aim to accomplish the following

research goals, which can be summarized through the block diagram shown in Figure 1.2:

Aim 1: present a method for operator endpoint stiffness prediction based on measured

muscle activation levels of a select group of upper-limb muscles.

Aim 2: integrate the current knowledge into a data-driven control scheme for effective

and intuitive human-robot interaction.

Aim 3: develop a data-driven optimization method for determining admittance parameters

for haptic devices.

1.2 Human Stiffness

In relation to human motion, the current study adheres to the same stiffness distinctions

outlined in previous literature [9, 10]: muscle stiffness, joint stiffness and endpoint stiffness

(see Figure 1.3). In this paper, most mentions of “stiffness” refer to endpoint stiffness,

unless speci�ed otherwise. The challenge in directly measuring operator arm stiffness in
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Figure 1.3: Three relevant levels of stiffness: muscle stiffness, joint stiffness, and endpoint
stiffness.

most dynamic control situations has led to proposed estimation techniques with signi�cant

amount of error and variance. Previous studies have carried stiffness estimation based on

physiological measures known to correlate [11, 12]. EMG signals, used as a measure of

muscle activity, are an example of such physiological measures.

1.3 Musculoskeletal Modeling

Endpoint stiffness variation is achieved through modulation of coactivation across ago-

nist and antagonist muscles about joints. Agonist muscles act on the same side of a joint,

whereas antagonist muscles act on different sides and are mainly responsible for limb mo-

tion generation. Simultaneous contraction, i.e. cocontraction (or coactivation), of antag-

onistic muscles affects joint and endpoint stiffness levels, without necessarily generating

limb motion. Antagonistic cocontraction is the vehicle for impedance modulation in the

musculoskeletal system. For instance, as Hogan puts it, a “�rm grip”, which corresponds

to high mechanical impedance at the hand, would require increased antagonistic coactiva-

tion of relevant arm muscles [13]. However, muscle cocontraction cannot be predicted from

endpoint contact force and should not be used as a “reference signal” to a haptic device for

collaborative tasks. Considering the bilateral nature of the human-robot interaction, a new

approach to predicting this physical coupling is necessary.

Ueda et al. have developed an integrated model (see Figure 1.4) that can characterize

the coupling between the human musculoskeletal system and robot dynamics at the level

of individual muscles [14]. This upper-right musculoskeletal model is a 5-rigid link model
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Figure 1.4: Upper-body human musculoskeletal model.

with 12 joints from the waist to the wrist and 51 arm muscles. For a human model with

M joints andN muscles, the relationship between joint torques and endpoint force in a

typical pHRI system (see Figure 1.5) is given by (Equation 1.1), under static assumptions

and neglected dynamics of both robot and human body.

��� h = JT(qqq)FFF (1.1)

Here,��� h 2 RM is a vector of human joint torques,qqq = [ q1; : : : ;qM]T 2 RM is a vector

of joint angles andFFF = [ Fx;Fy;Fz]T is the tip force.J(qqq) is the Jacobian whose transpose

maps endpoint force to joint torques. The relations from joint torques (and hence tip force)

to muscle forces are given by (Equation 1.2).
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Figure 1.5: Physical Human-Robot Interaction.

��� h = A(qqq) fff = JT(qqq)FFF (1.2)

whereA 2 R(M� N) is the moment arm matrix of muscles,fff = [ f1; : : : ; fN]T 2 RN is the

human operator's muscle forces vector. The latter is subject to boundary constraints given

by (Equation 1.3).

0 � f j � fmax j ( j = 1; :::;N) (1.3)

where values offmax j are de�ned in Appendix A. Using an optimization method (e.g.

Crowinshield's optimality principle, see Appendix A), a baseline of muscle activityf0 can

be determined if zero muscle coactivation is assumed. Muscle cocontraction is invisible in

the joint space, a phenomenon characterized by (Equation 1.4).

f = f0 + ( I � A+ A)bbb(t) (1.4)
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Here,A+ represents the pseudo-inverse ofA, bbb(t) 2 RN represents the nullspace of the

mapping between muscle forces and joint torques, i.e. muscle coactivation. Current com-

mercial and open source biomechanical modeling software (e.g. OpenSim, The Anybody

Modeling System) assume that(I � A+ A)bbb(t) is zero in their analysis. However,bbb(t) can

take any value; a change inbbb(t) affects human arm stiffness, and therefore the stability and

performance of the whole system. This study hypothesizes thatbbb(t) is a random variable.

1.4 Operator Electromyography in Haptics

Surface Electromyography (sEMG) is one of the widely used physiological signals for hu-

man motor intention prediction, an important aspect of pHRI systems [14]. EMG data

collected from select muscles in the upper-limb can be used to derive the operator's arm

stiffness, which is not directly measurable during pHRI [11, 12]. Muscle cocontraction (or

coactivation) refers to the simultaneous activation of a pair of antagonistic muscles span-

ning the same joint in the body. Studies have shown that as instabilities are introduced

into the environment during arm movement, muscle cocontraction and endpoint stiffness

levels both increase as a compensation mechanism [15, 16]. In regards to muscle coor-

dination and recruitment during motion tasks, a previous study [17] has investigated the

coordination of whole-body muscles during assisted assembly tasks and shown that mus-

cle activation in the upper-limb and shoulder are closely related to motion acceleration. In

order to harness relevant information from upper-limb muscles to achieve ef�cient haptic

control, careful selection of the best pairs of antagonistic muscles known to affect the wrist

and elbow joints is necessary. Validation of muscle pair choice was done in a previous

study by using the angle between the moment arm vectors [3]. Two completely antagonis-

tic muscles, displayed for instance in Figure 1.6, should act along opposite directions while

spanning the same joint, resulting in an angle of antagonism,a , close to 180o (a �! 180o),

as shown by (Equation 1.5)

7



Figure 1.6: A pair of antagonistic muscles, with moment arm vectors displayed.

a = cos� 1 a1a2

ka1k ka2k
(1.5)

wherea1 anda2 are the moment arm vectors of the two muscles, anda , the measure of

antagonism, is the moment-arm angle.

Based on this principle, two muscle pairs were chosen out of several great candidates,

as displayed in Figure 4.10. They are the biceps brachii (BB), triceps brachii (TB), which

form the biceps-triceps (BT) muscle pair, as well as the �exor carpi ulnaris (FCU) and ex-

tensor carpi ulnaris (ECU), which form the �exor-extensor (FE) muscle pair. Raw EMG

signal processing in this study consists of DC component removal, full-wave recti�cation,

and low-pass �ltering (1.5 Hz) to obtain the linear envelope. For each antagonistic pair of

muscles(i; j), processed EMG values (fi , f j ) are scaled to respective maximum recorded

EMG values (f max
i , f max

j ) to obtain normalized muscle activity (f %
i , f %

j ) values between 0

and 1. The maximum recorded EMG values (f max
i , f max

j ) are obtained by asking subjects

to generate their maximum voluntary contraction (MVC) in the muscles of interest through

speci�c tasks (e.g., lifting or pushing down on a table) prior to the start of experimental tri-

als. Cocontraction,cci; j , of a muscle pair is determined by taking the minimum normalized

muscle activity at each sample time [15, 18], as shown in (Equation 1.6).
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Figure 1.7: Muscle selection and EMG placement for the current study.

cc(i; j) = min( f %
i ; f %

j ) (1.6)

1.5 Machine Learning in Haptics

Using EMG data to train machine learning algorithms and later classify hand or arm mo-

tions is also not new. Previous studies have used neural networks (NN) trained on EMG

data to classify �nger joint angles [19] or control the grasping force of an exoskeleton

[20]. Additional studies have used fuzzy EMG classi�cation and Gaussian mixture models

[21, 22]. Though all of these papers focus on the control of upper-limb prostheses or or-

thotics, their success in using advanced machine learning tools is promising for the current

study. Previous work has used basic threshold classi�cation and Hidden Markov Models

(HMMs) [23] to improve the stability of haptic assist devices, but statistically signi�cant

improvement was not achieved. In addition, a Support Vector Machine (SVM) has also

been previously used as a means to classify operator intent, but the results were not statisti-

cally signi�cant [24, 25]. These studies, similarly to the current one, also targeted BT and

FE muscle pairs on the arm, but minimal training datasets were used to train the classi�er.
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The motivational study in this research uses a much larger training dataset to generate a

SVM for operator intent classi�cation. Other studies in this research utilize a k-Nearest

Neighbors (kNN) classi�er [26].

1.5.1 SupportVectorMachine

SVM classi�ers have been used in myoelectric control applications, with high accuracy

results in EMG pattern recognition of healthy subjects [27]. A brief introduction to the

SVM principle is given, though more details on the method can be found in [28, 29, 30].

Given a set of linearly separable training data samples (xi ;yi)1� i� n, wherexi 2 Rd;yi 2

f� 1;1g, the general form of the classi�cation function isg(x) = w� x+ b, which represents

a hyperplane. Identifying the optimal separating hyperplane (OSH) through maximization

of the margin 1=jjwjj between the hyperplane and support vectors, the closest data points,

corresponds to minimizing the objective function in (Equation 1.7).

min
w;b

1
2

kwk2

sub ject to: yi(w � xi + b) � 1; i = 1; :::;n

(1.7)

Classi�cation of non-separable data introduces slack variablesxi � 0 and a penalty

factorC > 0, leading to (Equation 1.8).

min
w;b

1
2

kwk2 + C
n

å
i= 1

xi

sub ject to: yi(w � xi + b) � 1� xi ; i = 1; :::;n

(1.8)

In the non-linear case, a mapping from input space to a feature space where corre-

sponding features are linearly separable occurs, and the OSH can be constructed. This is

equivalent to replacing every dot product in (Equation 1.7) or (Equation 1.8) with a nonlin-
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ear kernel function. The most common function used is the (Gaussian) radial basis function

(RBF) kernel, shown in (Equation 1.9).

K(x;x0) = exp

 

�
kx� x0k2

2
2s 2

!

(1.9)

Although SVM is fundamentally a two-state classi�er, multi-class SVM classi�cation

can be achieved using different approaches, among which the most common is theone-

versus-allapproach. This approach constructs separate SVMs, each corresponding to a

class where the characteristic training data points are considered positive and the rest neg-

ative. There are various SVM formulations capable of multi-classi�cation. In addition to

support vector classi�cation (SVC), the incorporation of regression methods (i.e., support

vector regression or SVR) is also possible. This research uses then-SVC and c-SVC for-

mulations with an RBF kernel. A number of parameters, includingn 2 (0;1], are employed

to control the number of support vectors, the shape of the separating hyperplanes, among

other factors. More details about binary and multi-class SVM methods, formulations and

parameters can be found in [31, 32, 33, 34, 35, 36]

1.5.2 HiddenMarkovModel

An HMM is a doubly Markov (stochastic) process with an underlying stochastic process

that is hidden and can only be observed through another set of stochastic processes [37].

A Markov process, as illustrated in (Equation 1.10), describes the probability of being in a

current state (at time t) as a function of the preceding state only [38].

P[qt = Sj jqt� 1 = Si ;qt� 2 = Sk; :::] = P[qt = Sj jqt� 1 = Si ] (1.10)

where

qt - actual state at timet
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S- discrete state of the Markov chain

An HMM uses a transition modelT and a sensor modelO to perform estimation of a

current, hidden-stateXt from a list of possible discrete statesS1:::SN, based on the preceding

stateXt� 1 and a currently observed metricYt . T is anN � N matrix of probabilities where

each row represents probabilities for a single previous state and each column a current state.

O is anN� D matrix, whereD represents the number of possible discrete observations. The

model handles continuous data by grouping them into discrete bins with known probability

distribution functions (PDFs); the index to each bin is then used to train the model.

1.5.3 k-NearestNeighbor

The k-Nearest Neighbors (kNN) classi�er [26] is a memory-based learning or instance-

based learning (supervised) tool that uses a majority voting mechanism, collects data from

a training data set and uses the data later to make predictions for new records. Here, the

classi�cation is performed using a distance metric (e.g., Chebyshev distance, Euclidean

distance, Hamming distance, Minkowski distance, etc.).

1.5.4 DataClassi�cation& ModelSelection

The choice of the best classi�cation and/or prediction scheme in machine learning can be

made between deterministic and nondeterministic classi�ers. Nondeterministic classi�ers

are those allowed to predict more than one class for a speci�c input. For instance, the hy-

pothesized stochastic nature of human stiffness and muscle activity would make the choice

of nondeterministic classi�ers more appropriate. SVMs are an example of deterministic

classi�ers, whereas HMMs are considered nondeterministic.

Whena priori knowledge of model parameters (e.g., number of classes) is possible, the

classi�cation problem corresponds to supervised learning. Unsupervised learning cases re-

quire recourse to model selection approaches, feature extraction methods or data mining

techniques, in order to extract useful information from the input dataset. For instance, a

12



previous study [9] investigating the distribution of human stiffness in a single subject re-

vealed that a sum of Gaussian distributions, or a Gaussian mixture model (GMM), provided

the best �t for the recorded data. Consensus in literature over the most appropriate model

selection approach is missing. Statistical criteria that can be used as possible decision tools

in the model selection process include the Akaike Information Criterion (AIC), the Bayes

Information Criterion (BIC), the Final Prediction Error (FPE) and the Minimum Descrip-

tion Length (MDL). More information about each criterion can be found in [31, 32, 33,

34, 35, 39]. Criticism of either criterion can be found in literature. For instance, concerns

of inconsistency and choice of too complex models about the AIC have been expressed

[40]. In general, a high-order model would �t a given dataset better, from a prediction error

standpoint, due to the increase in degrees of freedom. Yet, greater memory size and com-

putation time is required to achieve such high performance. Hence, choosing the smallest

model order that is able to suf�ciently characterize the given dataset with reduced risk of

data under �tting is ideal. Such a goal is achievable by using the MDL criterion in a recur-

sive fashion. Computation of the MDL can be done through equation (Equation 1.11), as

found in [41].

MDL = Vn

�
1+

p lnN
N

�
(1.11)

Here,Vn is an index related to the prediction error, or the residual sum of squares,p is

the number of model parameters andN is the number of data points. The optimal model

order choice is the one that minimizes (Equation 1.11) and therefore allows the shortest

description of the given dataset.
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1.6 Admittance Control in Haptics

Many haptic systems use admittance control, which produces the desired trajectoryXd pro-

vides a masking of actual system dynamics and allows the operator to ”feel” a system with

a desired massmd, dampingbd and stiffnesskd [42]. This masking is achieved through the

generation of an assistive forceF. The choice of desired stiffness is usually zero, leading to

an admittance controller with continuous-time transfer function given by (Equation 1.12),

where the damping gainbd is the adjusted system parameter in the tuning scheme.

Xd(s)
F(s)

=
1

md s2 + bd s
(1.12)

1.7 Position Control in Haptics

The dynamics masking control scheme often incorporates a position controller that drives

the error between current and desired endpoint positions to zero (see Figure 1.2). A basic

approach would be to use a proportional-derivative (PD) controller with �xed gains. Incor-

poration of human operator characteristics yields a coupled system with dynamic proper-

ties. Assumptions about the variability (or lack thereof) in operator dynamic parameters

can be made. However, a simple root-locus analysis of stability has shown the system to be

susceptible to greater instability as a result of increases in either (or both) endpoint stiffness

or (and) time delay [9]. Design of a robust position controller that accounts for variation in

stiffness parameter has been explored in previous studies using optimal control theory. The

inadequacy of a standard Linear Quadratic (Gaussian) Regulator (LQG or LQR) has been

demonstrated in systems with time-varying parameters. However, incorporation of system

parameter distribution into the derivation of the optimal control law, as �rst suggested by

Fujimoto, has shown promise in previous work [43, 44]. Assuming a state feedback is

applied to a discrete-time system given by (Equation 1.13), where transition matrixA and
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output matrixB are stochastically varying according to distribution(s) with expected val-

uesE[A] andE[B], control effort and tracking error can be minimized according to a cost

function given by (Equation 1.14).

xt+ 1 = Axt + But (1.13a)

ut = � Lxt (1.13b)

J = E

"
¥

å
t= 0

xT
t Q1xt + uT

t Q2ut + tr [Q3cov[xt+ 1;xt ]]

#

(1.14)

Here, theQ's represent the weight matrices. The optimal control gains, represented by

the matrixL, are found through a Riccati-like equation (Equation 1.15) that is numerically

solvable using the solutionÕ = Õ0 to the similar Riccati equation (Equation 1.16) as an

initial guess.

(1.15)L=
�
E

�
BT Õ B

�
+ å BB+ Q2

� � 1 �
E

�
BT Õ A

�
+ å BA

�

Õ0 = Q1 + å AA+ E[A]T Õ0E[A] �
�

E [A]T Õ0E[B] + å AB

� �
E [B]T Õ0E[B] + å BB+ Q2

� � 1 �
E [B]T Õ0E[A] + å BA

�

(1.16)

1.8 Conclusion

The challenges currently addressed in the �eld of collaborative robotics, particularly in

physical human-robot interaction (pHRI) settings, increasingly demand interdisciplinary

solutions that draw from �elds such as neuroscience, biotechnology, arti�cial intelligence,

cognitive science and others, in addition to system dynamics and control. For instance, the

addition of more sensors to enable the cobot to understand human commands is a current
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research hotspot [45]. This introductory chapter provided some background information

on some of the �elds of study that are used in this research: surface electromyography,

musculoskeletal modeling, machine learning, and control methods in haptics. Our research

study seeks to provide integrated haptic control solutions that improve the safety and per-

formance (e.g., speed, accuracy of human motor intent prediction) of haptic assist devices,

such as intelligent assist devices (IADs) used in manufacturing, building and construction,

healthcare, logistics, and other industries.
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CHAPTER 2

MOTIVATIONAL STUDY

2.1 Motivation

At the beginning of the research, we sought to validate the addition of muscle cocontraction

(or coactivation) information, obtained by processing surface electromyography (sEMG)

data from select upper-limb muscles of the human operator, as a means to improve the

control of haptic assist devices and make them more intuitive to operate. We conducted

a study [46] to address a central question at the basis of our research: whether kinetic

input information is suf�cient for the intuitive control of the interaction between a human

operator and a haptic assist device.

2.2 Methods

2.2.1 HapticControl

In this study, the proposed haptic controller, illustrated in Figure 2.1, incorporates a variable

admittance controller, which sets desired kinematics (Xd = [ xd; �xd]) based on measured

endpoint forceF and operator state (e.g., motor intent), and a position controller that tracks

the current kinematics (X = [ x; �x]) and seeks to minimize the system error (E = Xd � X).

The parameters (md, bd, andkd) of the variable admittance controller can be selected either

from a discrete (i.e., switching admittance controller) or continuous set. The choice of

admittance parameters is determined based on the state output of a machine learning tool

(e.g., SVM) that classi�es relevant features from system inputs. For position control, a

proportional-derivative (PD) controller is used to generate oscillatory conditions, whereas

a stochastic linear quadratic regulator (SLQR) [47] that accounts for random variation of

system parameters is used in stable conditions. The system output is a command voltage
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Figure 2.1: Detailed block diagram of a haptic controller tuned via processing of sensor
data including the operator's muscle activation.

Table 2.1: Haptic Controller Parameters

Parameters Values
PD controller Kp = 2500 N,Kd = 200 N s

( fh = Gain V = [ KpKd]E)

SLQR controller [47] L = [18.8 0.303]
(V = � L E)

Admittance Controller md = 10� 4 kg, bd = 3 N s/m
kd = 0 N/m

V (range� 10 V) that controls a DC motor generating the haptic forcefh. A mass-spring-

damper model is a common representation of combined operator (subscripto) and haptic

device (subscripth) dynamics [48]. However, the challenge in modeling these combined

dynamics stems from the variability in human operator model parameters. Table Table 2.1

summarizes all the controller parameters used in the study.

2.2.2 HardwareandExperimentalSetup

Experiments were conducted using a one-degree-of-freedom (1-DoF) linear haptic device,

seen in Figure 2.2. The 1-DoF device has a maximum rated force generation of 150 N at

the handle. The complete system setup includes a multi-axis force/torque sensor (FT 150,

Robotiq, Quebec, Canada), a brushless DC motor (Anaheim Automation, Inc., Anaheim,

CA) linked to a quadrature optical encoder (US Digital, Vancouver, WA), and a servo motor

drive (Paci�c Scienti�c, CA) that actuates the device through a belt-drive assembly. The
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device is also equipped with a pneumatically actuated (MPYE-5-M5-010-B, Festo Corpo-

ration, Maineville, OH) gripper (KGG 140-60, SCHUNK GmbH Co. KG., Morrisville,

NC) that can allows the operator to perform load-carrying tasks. For each type of test per-

formed in this study, a user interface in LabVIEW software (National Instruments, Austin,

TX), including interactive visual display, was created to program and deploy a CompactRio

real-time controller (National Instruments, Austin, TX). EMG data were recorded on the

two arm muscle pairs of interest, BT and FE, using 8 channels out of a 32-channel wireless

EMG system (Cometa Srl, Milan, Italy). Two monitors were used, one for the subject's vi-

sual feedback and the other for the experimenter to adjust control settings during the course

of the experiments. Using this setup, two different types of experiments were performed:

1) a target following experiment with cognitive commands, as shown in Figure 2.3, and 2)

a trajectory tracking experiment, as shown in Figure 2.4. Each subject dataset was acquired

at variable machine sampling rate (356.3� 182.7 Hz sampling rate, 66.5 – 479.7Hz range

for all subjects combined). A two-sample Kolmogorov-Smirnov test was used to determine

statistical signi�cance.

2.2.3 TargetFollowingExperiments

In this experiment, illustrated in Figure 2.3, ten (10) subjects (6 males, 4 females, all right-

handed, age range 19 - 31, Georgia Tech IRB H15272) were instructed to follow written

commands on a monitor display to “relax”, “move” or “hold” their current position (yel-

low box) shown on the monitor, with respect to a target position (grey bar) also displayed.

Kinematic, force and EMG data were gathered while subjects performed the target follow-

ing experiment. In order to familiarize the subject with the experiment, a practice session

was conducted until the subject felt comfortable with the experimental instructions. For

each subject, a training trial would consist of three generated commands, each correspond-

ing to a speci�c cognitive state or subtask: 0 – RELAX, 1 – MOVE, 2 – HOLD. The

RELAX state is meant to simulate a condition in which an assembly line worker at an au-
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Figure 2.2: Haptic Device.

tomobile manufacturing plant would be waiting for the next car. For the MOVE state, the

subjects were instructed to move the device until their position matched the target position.

This state is meant to simulate an operator moving loads such as a car door to the next car in

the assembly line. For the HOLD state, the subjects were instructed to keep their position

steady, in order to simulate a user stopping the movement and performing the �nal precise

placement of the car door. The commands were generated using a uniformly distributed

random generator at predetermined intervals of time, to ensure that the transitions between

all different states are covered. The recorded data gathered during the training test was

used for two main purposes. The �rst purpose is to explore the importance of the muscle

activity information to the pHRI system. For this purpose, the dataset was used to train a

SVM classi�er (c� SVCtype,RBF kernel,C = 215, g = 23, no probability estimates, no

shrinking). Three different types of training models were generated: 1) a training model

using only kinetic data (position, velocity, acceleration, load force) referred here as “kinetic

only”, 2) a training model using only coactivation data (BT, FE) referred as “cc only”, and
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Figure 2.3: Target Following Experiment.

Figure 2.4: Trajectory tracking experiment.

3) a combined training model incorporating both datasets referred as “all”. The models

were generated of�ine in MATLAB (The Mathworks, Inc.) software using the LibSVM li-

brary [36]. The model �les were then uploaded in LabVIEW software in order to test their

preliminary online performance during some testing trials. These testing trials consisted

of the same instructions as the training trials, while online classi�cation of the recorded

data (“kinetic only”, “cc only” or “all”) was being performed. The second purpose of the

recorded data is to assess the relationship between the different cognitive states and the

muscle coactivation levels.

2.2.4 TrajectoryTrackingExperiments

In this experiment, ten (10) subjects (7 males, 3 females, all right-handed, age range 19

- 31) were instructed to track a trajectory signal to the best of their ability, under two ex-

perimental modes: 1) an oscillatory condition that was generated by using the PD position

controller, and 2) a stable condition that was produced by using the SLQR position con-
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Table 2.2: Feature ranking of SVM training data from most to least valuable for intent
classi�cation

Ranking Feature
1 ccBT
2 ccFE
3 Position
4 Acceleration
5 Velocity
6 Force

troller. Here, subjects attempted to match a target (blue color) square wave signal to the

best of their ability, while their current (red color) position signal was also displayed on the

screen, as shown in Figure 2.4.

2.3 Results

2.3.1 TargetFollowingExperiments

The training data obtained from each subject were run through a feature selection algo-

rithm (“sequentialfs” function in MATLAB, using a “classify” criterion function with “di-

agquadratic”settings) in order to determine the ranking of the feature set. The results are

displayed in Table Table 2.2 in descending order, from most (ccBT) to least (Force) im-

portant feature. Table Table 2.3 displays performance results from SVM training of the

recorded datasets. The performance metrics used in this study are model training time and

cross-validation accuracy. Training the SVM classi�er with both kinetic and muscle cocon-

traction data took the shortest amount of training time (p < 0:01) and yielded the highest

cross-validation accuracy (p < 0:01), compared to trainings with either cocontraction data

only or kinetic data only. No statistically signi�cant difference in cross-validation accuracy

was found between the “cc only” and the “kinetic only” training types. Results pertaining to

the relationship between cocontraction levels and cognitive states are shown in Figure 2.5

and Figure 2.6. For the ccBT data, a statistically signi�cant difference (p < 0:01) was

observed between all cognitive states, with the exception of the “RELAX vs MOVE” for
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Table 2.3: SVM Performance Results

Performance Training types
Characteristics all cc only kinetic only

Training Time � 32.17� 9.90s 9959.96� 2742.24s 9468.57� 1764.67s
(0.22� 0.09s) (1.63� 3.38s) (65.30� 113.83s)

Cross-validation Accuracy� 99.46� 0.15% 83.99� 8.18% 88.93� 3.15%
(40.96� 7.22%) (41.81� 5.34%) (44.21� 4.27%)

� Training time results shown in parentheses were obtained from training 5000 data points rather than the

whole dataset, due to the long training time found in some training types. However, the cross-validation of

the smaller-size SVM models was performed over the entire original dataset.

Figure 2.5: Boxplots of the Biceps-Triceps cocontraction (ccBT) data according to cogni-
tive states.

Subject 1 and “MOVE vs HOLD” comparisons in Subjects 3 and 5. For the ccFE data, all

subjects also showed statistically signi�cant difference (p < 0:01) between all states, ex-

cept for the “MOVE vs HOLD” comparison in Subject 9. In addition, data trends indicate

that the RELAX state consistently has the lowest cocontraction levels, while an increase in

cocontraction is more likely to occur from RELAX to MOVE, and a decrease in cocontrac-

tion is more likely to occur from MOVE to HOLD.
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Figure 2.6: Boxplots of the Flexor-Extensor cocontraction (ccFE) data according to cogni-
tive states.

2.3.2 TrajectoryTrackingExperiments

Examples of target signal pro�les along with the corresponding subject positions for both

stable and oscillatory conditions are shown in Figure 2.7. Table Table 2.4 summarizes the

muscle coactivation levels for each subject in both conditions. Differences in coactivation

levels were observed between the two modes for all subjects. For BT muscle pair compar-

isons, all but two subjects (Subjects 3 and 6) exhibited higher cocontraction levels in the

oscillatory mode, whereas for FE muscle pair comparisons, all but one subject (Subject 6)

showed higher cocontraction levels in the oscillatory mode.

2.4 Discussion

2.4.1 Relationshipbetweenmusclecoactivationandhumanoperatorintent

Of�ine SVM training performance results (i.e. training time, cross-validation accuracy),

in combination with feature ranking results all show the importance of muscle cocontrac-

tion information to the classi�cation and prediction of human intent during arm movement.
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Figure 2.7: Position pro�les for the trajectory tracking experiment.

Table 2.4: Numerical Comparison of Biceps-Triceps (ccBT) and Flexor-Extensor (ccFE)
cocontraction levels in both stable and oscillatory modes for 10 subjects

ccBT mean� std (%MVC) ccFE mean� std (%MVC)
Stable Oscillatory Mean % Increase Stable Oscillatory Mean % Increase

Subject 1 1.11� 0.76 1.27� 0.84 14.57% 1.95� 0.82 2.47� 1.15 26.28%
Subject 2 0.89� 0.45 0.96� 0.46 7.44% 1.70� 0.84 1.87� 0.94 10.02%
Subject 3 1.56� 0.97 1.46� 0.82 -6.37% 2.67� 1.57 2.92� 1.73 9.28%
Subject 4 0.68� 0.23 0.73� 0.27 6.71% 1.22� 0.57 1.50� 1.12 23.18%
Subject 5 3.91� 1.03 4.28� 1.35 9.60% 2.81� 1.05 4.23� 3.06 50.64%
Subject 6 0.72� 0.29 0.68� 0.23 -5.34% 1.33� 0.63 1.18� 0.51 -11.31%
Subject 7 0.48� 0.18 0.52� 0.18 9.51% 1.43� 0.64 1.58� 0.89 11.04%
Subject 8 1.85� 0.94 2.04� 0.98 10.50% 2.48� 1.24 3.12� 1.42 25.75%
Subject 9 0.39� 0.15 0.43� 0.20 10.13% 1.21� 0.43 1.45� 0.73 19.89%
Subject 10 0.82� 0.27 0.83� 0.28 1.63% 1.24� 0.57 1.2446� 0.60 0.19%
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When used as the training set, each isolated data type (e.g., “cc only”, “kinetic only”)

results in low training performance results. Hence, this study suggests that it's the combi-

nation of muscle cocontraction information with endpoint kinetic information that provides

a richer and ideal training dataset, leading to higher classi�cation accuracy and faster train-

ing time. In addition, results shown in Figure 2.5 and Figure 2.6 underline the relationship

between an operator's cognitive strategy and the choice of muscle coactivation levels. The

�gures show some discernable trends between the operator intent and the choice of mus-

cle coactivation level: with the RELAX state often corresponding to the lowest activation

levels, an increase in coactivation usually occurs from RELAX to MOVE, followed by ei-

ther an increase (least likely, based on the results) or decrease (more likely) in coactivation

levels from MOVE to HOLD. These results further Gribble et al.'s [18] suggestion that un-

derstanding in more detail how cocontraction levels relate to different phases of movement

would enhance current understanding of the role of muscle cocontraction in arm movement

accuracy. Recent work into the variability in whole-body muscle recruitment and muscle

coordination strategies during assisted assembly tasks [17] suggests that when operating

lift assist devices where load-positioning is more critical than load-bearing, small and dis-

tal muscle activations become more valuable than larger muscles in motion classi�cation.

The results found in this study seem to corroborate this �nding; Figure 2.5 and Figure 2.6

show a trend of greater change in ccFE levels according to changes in cognitive state for

each subject, compared to ccBT levels. Though further evidence may be needed, we an-

ticipate, based on the current research knowledge, that the BT muscle pair, a bi-articular

muscle pair that redundantly drives both shoulder and elbow joints, plays a greater role in

the completion of voluntary motion tasks, whereas the FE muscle pair contributes more to

the local stabilization of endpoint kinematics.
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2.4.2 Relationshipbetweenoscillatorymodesandcocontractionlevels

A main feature noted in trajectory tracking experimental results (see Table Table 2.4) is the

obvious increase in ccBT and ccFE levels between stable and oscillatory modes, for most

of the subjects. However, a greater increase in ccFE levels is clearly noticeable, further un-

derlining the hypothesis that the subjects increased their endpoint stiffness, in an attempt to

stabilize the system, primarily via a local strategy of increased muscle coactivation (ccFE)

in the limb most proximal to the interaction point. In light of these �ndings, future work

can focus more on using information from this localized stabilization strategy to predict

oscillatory or high endpoint stiffness conditions from ccFE measurements. Given the bilat-

eral nature of the physical interaction between human operator and haptic device, results

from this study also point to the possible use of cocontraction measurements as a means

to classify or predict oscillatory conditions. Previous results by Gallagher et al. [23] and

Podobnik et al. [49] show preliminary evidence supporting this loop closure through use

of muscle cocontraction and grasp force, respectively. In both studies, sensor information

is used for both high stiffness mode classi�cation and switching control between system

compensating modes.

2.4.3 Effectof learningoncoactivationlevels

As observed in previous literature [11], humans learn to make reaching movements in novel

dynamic environments by building speci�c internal models (IMs). Viscoelasticity con-

tributes more when IMs are inaccurate, while IMs contribute more after the completion of

learning. The ability of the human central nervous system (CNS) to learn to compensate

for mechanical instability while reducing the metabolic energy expenditure [50] must also

be taken into consideration for a more intuitive control of haptic assist devices. Indeed,

the redundancy in the human musculoskeletal system allows for multiple muscle control

strategies capable of achieving reduced endpoint kinematic error in oscillatory modes by

compensating perturbations from the stable mode. In light of this learning effect, future
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work combining muscle activity measurements with machine learning should incorporate

adaptive learning algorithms.

2.5 Conclusion

This chapter sought to investigate the necessity of adding an operator's muscle cocontrac-

tion (coactivation) information to standard control system inputs (e.g., kinetic information),

in order to improve the control of haptic assist devices in industrial applications. Experi-

mental results show that cocontraction information carry vital information towards the im-

provement of haptic interaction, both in its relation to operator motor intent and to system

stability. The addition of muscle cocontraction data features to kinetic data is shown to sig-

ni�cantly improve the of�ine cross-validation accuracy and training time of a SVM intent

classi�er trained with said feature combination. Moreover, increased muscle cocontraction

levels are shown to be signi�cantly related to oscillatory system conditions, particularly for

muscles more proximal to the interaction endpoint. The work presented does not address

online classi�cation of operator intent and could bene�t from the incorporation of adaptive

learning algorithms into the control approach, in order to account for the effect of human

learning on the system.
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CHAPTER 3

OPERATOR ENDPOINT STIFFNESS PREDICTION MODEL

One of the main challenges faced in designing novel control schemes for a pHRI system is

the dif�culty in directly measuring impedance at the interaction point. This challenge has

reduced current control methods to estimation techniques based on correlated metrics, with

signi�cant amounts of error and variance reported in previous literature. Previous studies,

for example, have used muscle activity, measured through EMG, for stiffness estimation.

Current understanding of neuromechanics suggests that the human central nervous system

(CNS), consisting of the brain and spinal cord, is able to change endpoint stiffness levels

by modulating coactivation (cocontraction) levels across agonist and antagonistic muscle

groups (i.e., muscle synergy) [18, 51]. Modulation of endpoint stiffness is mainly driven

by coactivation of antagonistic muscles. However, given the greater number of muscle

actuators compared to the number of joints in the human body (i.e., muscle redundancy), a

unique set of muscle forces cannot be directly derived from knowledge of endpoint force

[52].

In this section, we present a novel approach combining probabilistic prediction with

an endpoint stiffness estimation method [10] based on musculoskeletal modeling. The

new method utilizes an integrated model [53] that can characterize the coupling between

the human musculoskeletal system and robot dynamics at the level of individual muscles.

Endpoint stiffness results obtained from simulations are compared to of�ine experimental

measurements of endpoint stiffness obtained during quasi-static perturbation trials using a

1-DOF haptic device.
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3.1 Background and Problem Statement

3.1.1 PriorResearchonMechanicalImpedanceEstimation

Human stiffness measurement through movement perturbations applied with a robotic de-

vice has a long history [54, 55, 56, 57, 58]. Mussa-Ivaldi et al. (1985) [54] developed the

�rst reported experimental method capable of characterizing human hand stiffness both nu-

merically (as a matrix) and graphically (as an ellipse). They also showed that static endpoint

stiffness properties are highly dependent on arm con�guration. The effect of arm posture

on arm impedance characteristics has subsequently been studied more recently for a single

endpoint position [59, 60]. Since Hogan's 1984 study, theories about how the human CNS

is able to regulate mechanical impedance characteristics at the endpoint have emerged over

the last few decades in the �eld of neuromechanics. This emergence has occurred mostly

through investigation of the effect of muscle activity on limb stiffness, the static component

of impedance, during planar tasks [50, 55, 61, 62]. They have led to the current state of

understanding stipulating that the CNS regulates cocontraction, and hence limb stiffness,

in order to facilitate movement accuracy. Results from studies conducted by Gribble et al.

(2003) [18], for instance, are consistent with this current hypothesis. Also, �ndings from

Darainy et al. (2004) [63] were shown to be consistent with the idea that arm stiffness

is controlled through the use of at least two independent cocontraction commands. Patel

et al. (2014) [64] investigated the three-dimensional (3D) case and found an anisotropic

increase of arm stiffness due to muscle cocontraction, underlying the directional tuning of

endpoint stiffness to introduced instability, as demonstrated in previous literature for lower

dimensions [16].

3.1.2 Roleof MuscleActivation in EndpointStiffnessEstimation

While previous studies have investigated changes in endpoint stiffness characteristics in

relation to muscle activity and speci�cally muscle cocontraction, very few have actually
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directly assessed the muscle properties responsible for stiffness modulation of an entire

limb. Osu et al. (2002) [11], for instance, related joint torque and stiffness in both static

and dynamic tasks to a novel method of evaluating muscle cocontraction levels around the

joint, using EMG signals. Using this novel approach, they were able to determine that the

viscoelasticity in the musculoskeletal model contributes more when internal models are

inaccurate, whereas internal models play a major role after completion of task learning.

However, the method for endpoint stiffness estimation is not based on any EMG measure-

ment, requires multiple trials, and is used to infer joint stiffness.

Results from a study by Hu et al. (2011) [10] suggest that muscle-short range stiffness

can be used to estimate endpoint stiffness of the human arm, instead of the commonly used

muscle force-length curve, yielding greater accuracy in stiffness orientation, shape, and

area. The study used a musculoskeletal model of the upper limb consisting of 37 muscle

segments and incorporating kinematic representations of the shoulder and elbow joints.

They concluded that the intrinsic stiffness from individual muscles is a major contributor

to endpoint stiffness. Figure 3.1 provides a summary of the estimation method. Below is

the related nomenclature.

AAA muscle moment arm matrix of muscles
d fT

deT slope of the dimensionless tendon force-strain curve
f muscle force
fff column vector of all muscle forces in the model
fmfmfm measured endpoint force vector
g dimensionless scaling constant ( = 23.4 in [10])
JJJ Jacobian matrix whose transpose (JTJTJT) maps endpoint force to joint torques
K short-range muscle stiffness
KKK diagonal matrix with short-range muscle stiffness values along diagonal

and zero in other entries
KeKeKe endpoint stiffness matrix
K jK jK j joint stiffness matrix
Km muscle �ber stiffness
Kt tendon stiffness
l0m optimal �ber length at maximum activation
lsT tendon slack length
qqq joint angle vector (i.e., posture)
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Figure 3.1: Summary of endpoint stiffness estimation from muscle activity [10]. Muscle
short-range stiffness is suggested to be a major contributor to endpoint stiffness of the
human arm, and it can be estimated based on muscle geometry and active force generated.

Most of the variables and parameters above are either computed or obtained from pre-

vious literature. Among these variables, the origins of the muscle force vectorf and of the

dimensionless scaling constantg are of most interest for this paper.

Muscle force estimation. Static optimization methods are used to determine individual

muscle forces in biomechanical modeling due to the redundant nature of the musculoskele-

tal system. The most common method comes from [65]; nominal human muscle forcef0) is

determined through minimization of a physiologically based optimality criterion, as shown

in (Equation 3.1).

u(f) =
N

å
j= 1

�
f j

PCSAj

� r

! min

sub ject to

8
><

>:

��� h = Af

f min
j � f j � f max

j ( j = 1; :::;N)

(3.1)

where

u(f) - optimality criterion

32



f j - muscle force of the j-th muscle, withf min
j and f max

j its minimum and maximum

��� h - human joint torque vector

PCSAj - physiological cross sectional area (PCSA) of the j-th muscle

r - integer power (possible values = [2,3,4,...])

N - number of muscles in the model

This cost function, however, fails to predict muscle cocontraction of antagonistic mus-

cles and has proven to be inappropriate for tasks where limb stiffness is modulated without

corresponding changes in joint torque [62, 66, 67]. Hu et al. (2011) [10] reported low

values in elbow stiffness predicted by their model during an extension task, for example,

and attributed this discrepancy to the failure in cocontraction prediction. The invisibility of

muscle cocontraction in the joint space can be characterized by (Equation 3.2).

f = f0 + ( I � A+ A)bbb(t) (3.2)

where

f - actual muscle force vector

f0 - nominal muscle force vector

I - identity matrix

A+ - pseudo-inverse of moment arm matrixA

bbb(t) - variable representing kernel of mapping between muscle forces and joint torques

3.1.3 ProbabilisticPredictionof MuscleCoordination

In theory, knowing the values of thebbb(t) vector at each time sample would allow a muscu-

loskeletal model to accurately estimate individual muscle forces contributing to endpoint
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forces. A change inbbb(t) changes the human operator's arm stiffness, hence affecting the

overall stability and performance of a pHRI system. We hypothesize that the parameter

bbb(t) is a random variable whose mean and variance are dependent on operator intent. Its

probability density function (PDF) can be predicted by means of Markov models. We ex-

pect that muscle activities measured by EMG correlate withbbb(t). Probabilistic switching

models should then predict muscle coordination, including cocontraction, from the obser-

vation of movement sequences. Yet, given the multivariate nature of the variable, direct

prediction ofbbb(t) is by no means an easy endeavor. Using the model employed by [10],

for instance, would require having to deal with 37 features. Therefore, it is necessary to

�nd a workaround for the computational burden of the prediction method through dimen-

sionality reduction techniques, or simply through observation of a much lower-dimension

variable capable of directly affecting the value ofbbb(t). Cui et al. (2008) [68] estimated

muscle short-range stiffness using a muscle model of a cat hindlimb. The model equations,

shown in Figure 3.1 above, include computation of muscle forcef as a function of muscle

�ber stiffnessKm, optimal muscle �ber length at maximum activationl0m, and a dimen-

sionless scaling constantg with constant value of 23.4 in [10]. Given a similar assumption

under static conditions, the change in muscle force vector from nominal levels can be used

to extract a relationship betweenbbb(t) andg, as shown in (Equation 3.3).

Df = f � f0 =
1
g

D(Kmlm0 )~1 = ( I � A+ A)bbb(t) (3.3)

where

Km - diagonal matrix with muscle stiffnessKm along diagonal and zero in other entries

lm0 - diagonal matrix with muscle �ber lengthlm0 along diagonal and zero in other entries

~1 - column vector with all entries of 1
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D - difference between true (current) value and nominal value of a variable

Unlike [10], we propose thatg is also a time-dependent variable, related to thebbb(t)

variable at each time point and con�guration by (Equation 3.4). As described by the equa-

tion, changes ing(t) at a given con�guration affect changes inbbb(t), and therefore, endpoint

impedance. Similarly, its PDF could also be estimated through Markov models.

bbb(t) =
1

g(t)

h
(I � A+ A)� 1D(Kmlm0 )~1

i
(3.4)

There is a long history of using a Bayesian approach to estimate the intent of an operator

interacting with a device [69, 70, 71]. As a probabilistic approach, it allows for reasoning

under uncertainty. Since the variables of interest (e.g.,bbb(t), g(t)) in our study are not

directly measurable, hidden Markov models (HMMs) seem to be the natural choice for a

predictive model. These models have shown to be easy to train and to use for inference;

they can handle continuous data and usually impose less computational burden [72]. Other

predictive models, such as dynamic Bayesian networks (DBNs), Arti�cial Neural Networks

(ANNs), and support vector machines (SVMs) could also be explored but may incur more

training data and computation time. Figure 3.2 displays a representation of an HMM for

the case of the current study.

3.2 Materials and Methods

3.2.1 Quasi-StaticStiffnessMeasurementThroughPerturbationExperiment

All tests conducted in this section were performed using a 1-DOF haptic paddle device

(0.305 m radius to handle), shown in Figure 3.3, which can produce a maximum force

of 100 N at the handle, has a bandwidth of 10 Hz, and a range of motion of� 0.325 rad

(� 18 degrees). The system setup includes a multi-axis force/torque sensor (ATI Industrial

Automation, Apex, NC) with stand-alone controller and a brushless DC motor (Anaheim
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Figure 3.2: Representation of stiffness prediction model using HMM. In this study, four
EMGs producing two cocontraction signals, in addition to an endpoint velocity signal, are
all observed variables. Endpoint stiffness, the main hidden variable, can be derived through
musculoskeletal modeling, using eitherbbb(t) or g(t) as hidden-state variables.

Automation, Inc., Anaheim, CA) linked to a quadrature optical encoder (US Digital, Van-

couver, WA), controlled by a servo motor drive (Paci�c Scienti�c, CA). The haptic device

is run using a CompactRio real-time controller, programmable and deployable through a

user interface in LabVIEW software (NI, Austin, TX). EMG measurements were acquired

using a wireless EMG system (Cometa Srl, Milan, Italy) with true differential electrodes

(common-mode rejection ratio> 120 dB) without a reference electrode. Raw EMG signal

is ampli�ed by a gain of 1000, sampled at a 2 KHz rate by 16-bit resolution analog-to-

digital converters and band-pass �ltered between 10 and 500 Hz. A user interface program

was developed in LabVIEW to conduct these experiments. A total of ten (10) participants

(7 male, 3 female; age range 21-31; all subjects were right-handed, Georgia Tech IRB

H10278) were told to maintain the device steady while a command force, of amplitude

between 0 and 40 N, was generated at the contact interface using a random generator with

uniform distribution. The direction of the command force (forward or backward) was also

randomly changed according to a uniform distribution. The timing between perturbations

was varied between 2 and 20 s, whereas the duration (hold time) of each force perturbation

was varied between 0.5 and 1.5 s, using a random number generator with uniform distri-

bution as well. The participants were required to immediately apply a restoring force upon

perturbation and relax once the desired return position was reached. The initial (and return)
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Figure 3.3: Experimental setup and EMG placement. Ten subjects were asked to resist
force perturbation applied at the handle using uniformly distributed and randomly gener-
ated amplitude (0-40 N), hold/duration (0.5-1.5 s), and timing between perturbations (2-20
s).

position corresponds to arm con�guration II in Figure 3.4. Subjects were asked to pick and

maintain a relaxed standing position as well as keep their wrist straight throughout the ex-

periment. Stiffness values were directly calculated from the force and displacement (from

the initial position) signals collected as shown in (Equation 3.5). Each subject underwent

a single trial experiment that lasted several minutes, with an average of 15 perturbations

(repetitions). Hence, a single plot of quasi-static stiffness time history was generated per

subject and used for both training data and validation (testing) data extraction.

K(t) =
F(t)
Dx

=
F(t)

(f (t) � f 0)R
(3.5)

where

F(t) - measured endpoint force at timet

f (t) - measured endpoint
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Figure 3.4: Three examples of arm con�guration. During perturbation experiments in this
study, con�guration II corresponded to the initial (and return) con�guration. Assuming that
the forearm remains horizontal during all motions, shoulder and elbow joint angles can be
geometrically derived from endpoint position, as seen in (Equation 3.6), avoiding the need
for an arm con�guration tracking system.

R- haptic paddle radius from center to handle (= 0.305 m)

All measurements acquired (endpoint force, endpoint kinematics, and four EMG mea-

surements) and directly computed variables during these experimental trials were subse-

quently used as simulation inputs, in order to compare and evaluate different prediction

tools.

3.2.2 ModelSelectionMethodology

Using (Equation 1.6), cocontraction data from BT and FE muscle pairs were calculated

from the processed and normalized EMG measurements for four (4) of the recruited partic-

ipants (all male; ages 20 - 26). The obtained cocontraction data would ultimately be used

to train an SVM-based classi�er or a predictor model employed as a decision tool for hap-

tic control. The following details outline our model selection methodology. A given data

set is fed through a recursive cluster analysis procedure, using MDL search algorithm [73]

with a starting initial number of clusters of 100. The iterative process outputs candidate

model orders and results in a minimal (optimal) number of clusters that can no longer be

reduced. Model selection using aDAIC criterion (de�ned here as the difference in AIC

values between consecutive models, as described in [74]) is also carried, starting from an

initial model order corresponding to the highest candidate model obtained during the MDL
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search process.

3.2.3 PredictionModel

Notably different from the Ueda et. al. musculoskeletal model [53], maximum isometric

force for each muscle is posture dependent in the Hu et. al. model [10]. The model in [10]

also accounts for pennation angle, and the optimal �ber length computation is dependent

on activation, which is time-dependent and computed in a different manner.

In order to investigate one of the study's main claim, namely that thebbb(t) vector is a

random variable whose mean and variance are dependent of operator intent, the model in

[53] was used in a preliminary study [24] to generate, purely through simulation in MAT-

LAB software, a dataset of random values of thebbb(t) vector variable, subject to muscle

force feasibility constraints (see (Equation 3.1)), using a random number generator with

uniform distribution. A total of 5000 vectors were obtained from computation at 5 varying

endpoint positions (-20� , -10� , 0� , 10� and 20� ) and 20 endpoint force levels between 5

and 100 N. Hence, for each combination of endpoint position and endpoint force, 50 data

vectors (repetitions) were generated. The purpose of carrying out this simulation was to

generate a data pool that could be used for possible grid search and training purposes.

Arm con�guration, speci�cally shoulder rotation, elbow �exion/extension, and wrist

pronation/supination, were calculated using encoder values (if experimental data were used

as input) or endpoint position (for pure simulations), as shown in (Equation 3.6).

s= f (rad)

e=
p
2

+ f (rad)

w =
4p
9

rad

(3.6)

where

s - shoulder rotation angle
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e - elbow angle

w - wrist pronation angle

All other entries in the joint angle vectorqqq were zero. Muscle forces, and therefore

cocontraction values, were computed. Endpoint stiffness values could subsequently be

computed using the procedure outlined in Figure 3.1. Values for several parameters, in-

cluding optimal �ber length and tendon slack length parameters [75, 76], slope of the

tendon force-strain curve (= 34.375, heuristic value agreeing with [77, 78]), and dimen-

sionless scaling constantg of 23.4, as suggested in [10], were all obtained from literature.

As previously stated, the current study focuses on improving the origination process of

the two following variables in the previously outlined method ([10]) for endpoint stiffness

prediction: the muscle force vectorf and the dimensionless scaling variableg(t). For

the muscle force vector computation, two methods were evaluated, using measurements

acquired during the perturbation experiments: (1) the �rst method uses the standard op-

timality principle from [65]; (2) the second and proposed method performs a grid search

through the pool ofbbb(t) values previously generated in [24], accounting for feasibility as

well as boundary constraints imposed by muscle activity (BT and FE muscle cocontrac-

tion indexes) measurements experimentally obtained. The narrowedbbb(t) pool is used to

pick the highest probable vector value, based on its norm distribution. The vector value

picked is used to compute the muscle force vector using (Equation 3.2). These two meth-

ods are referred to as the nominal method and the beta method, respectively. Two proposed

calibration methods were evaluated in order to test our main claim about the variability

of g(t). (1) The �rst method performs a calibration procedure yielding a single optimal

scaling value, using a grid search method during which endpoint stiffness values directly

obtained from the experiments are compared to estimated values using the method in [10].

This constant value, obtained by averaging optimal values computed at each time point

during the simulation, is later used for prediction purposes. (2) The second method uses

three HMM predictors, each with a single observed process: two cocontraction sequences
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BT and FE and one endpoint velocity sequence (see Figure 3.2). The state sequence for

all three models corresponds tog(t) values obtained at each time point using the same grid

search process from the �rst method. Additionally, a decision HMM is used to determine

which observation (BT, FE or velocity) should be used to infer the current state, based on

the previous state result. Since we are dealing with continuous variables, all sequences

were discretized using bins with similar PDFs. A uniform standard deviation was calcu-

lated by dividing the standard deviation of each sequence by the length of the sequence.

For all trained HMMs, the initial state probabilities were obtained using a random number

generator with uniform distribution; parameters, such as tolerance and maximum number

of iterations, were all kept constant across all data training. The HMMs were used to esti-

mate the optimalg(t) at each time point. The two methods are referred to as the constant

method and the HMM method, respectively. The four methods for computation of muscle

forces (nominal and beta method) and the dimensionless scaling variableg(t) (constant and

HMM method) were combined during simulations. As previously mentioned, the role of

the calibration process is to generate either a sequence or a single optimal scaling constant

that is later used during prediction model testing. An experimental procedure summary

is provided in the �ow diagram shown in Figure 3.5. Figure 3.6 displays a typical time

history of a single subject's one-dimensional endpoint stiffness directly obtained experi-

mentally from perturbation trial data, using (Equation 3.6). Data collection during each

one-time subject experiment usually lasted 5-10 minutes, but only a small time window

(ms-s range) was used for simulation purposes (training and validation). The data collec-

tion sampling frequency varied between experiments, due to the fact that data transmission

by means of user datagram protocol/transmission control protocol (UDP/TCP) used in this

study was not guaranteed. The average sampling time was found to be 76.3 Hz (� 11.8 Hz).

The time windows were carefully chosen so as to include transient changes in stiffness, in

order to assess the ef�cacy of the prediction method being evaluated. In order to extract

a time window, whether for training or prediction, a stiffness peak was identi�ed and 100
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data points were taken around the peak (24 samples before peak and 75 after peak). Based

on the average sampling frequency, a window corresponded to about 1.31 s (1.13 s-1.55

s) of data. Also, as displayed in Fig. 8, the dataset used for training corresponded to the

time window with the highest recorded stiffness value. By using the largest stiffness range

possible for training, the probability of a predicted stiffness value falling outside of the

training stiffness range is minimal. Each time window chosen for HMM model training

was resampled to 500 time data points. Resampling subsequent to training was done for

the following reasons: 1) HMM training required a large enough training data size, and

2) the computation time for calibration procedure (grid search) performed to obtained the

HMM training set ofg(t) was already high (hours long) with 100 data points.

3.3 Results and Discussion

3.3.1 ModelSelection

Results from the MDL-based model selection process are presented in Figure 3.7. They

suggest that the optimal model order selection for endpoint stiffness seems to match the

model selected for the BT pair (r = 0.93) more closely than the FE pair (r = 0.88). This

observation assumes that the dataset from Subject 4 is an outlier. Results from theDAIC-

based model selection are shown in Figure 3.8. The effect of sampling variance on model

selection uncertainty [31] was also investigated by down-sampling experimental data to

match the number of simulated data points. Though signi�cant change in model order was

not found, a smaller number of samples usually meant a lower model order selected.

3.3.2 Comparisonof bbb GeneratedMuscleForceDistributionstoExperimentalDistributions

in aSubject

Distributions of feasible muscle force vector norms, generated at different con�gurations

and endpoint forces using randomly generatedbbb(t) values, were compared to a single

subject's experimentally obtained distributions, based on EMG measurements, in the four
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Figure 3.5: Flow diagram of the experimental procedure for this study. During static per-
turbation trials, EMG, endpoint force, and kinematical data are collected, in order to gen-
erate muscle cocontraction, endpoint velocity, and experimental stiffness data. Training
of stiffness prediction models stems from combinations of two approaches: muscle force
determination and muscle stiffness scaling variable (or constant)g(t) determination in a
musculoskeletal model of the arm. A different dataset or time window (see Figure 3.6)
is then used in validation simulation using the trained prediction model. The predicted
stiffness result is compared to the selected experimental dataset using correlation analy-
sis. Hence, for each subject, four training models were obtained and four corresponding
stiffness predictions were carried out.
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Figure 3.6: (Top) Time history of one-dimensional (1D) quasi-static stiffness, estimated
experimentally for a single subject. The plot is obtained from endpoint force and encoder
position data using (Equation 3.5). The training dataset always had a higher recorded
stiffness peak value than the dataset used for validation. (Bottom) Close-up plot of stiffness
response from a single perturbation.

Figure 3.7: (MDL-based model order selection (using raw experimental data)
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Figure 3.8:DAIC-based model order selection (using raw experimental data)

muscles (BB, TB, FCU, and ECU) used throughout this study. The results reveal that simu-

lated forces for some of the muscles (FCU, BB, and TB) were signi�cantly lower (p< 0.05)

than the experimental force levels obtained for the subject. These results seem to underlie

a common issue of underestimation encountered in most musculoskeletal models, which

can partly be attributed to the cost function associated with the optimization approach used

to determine the muscle forces. These low muscle force estimates can ultimately affect

endpoint stiffness estimation levels. Hu et al. [10], for instance, reported low values in

elbow stiffness predicted by their model during extension tasks. Inaccurate estimation of

endpoint stiffness values in the speci�c case of pHRI can mean inaccurate adjustment of

control gains, which can ultimately lead to instability, poor performance, or in some cases,

dangerous conditions if the robotic device is tuned based on absolute impedance values.

Given both inter-subject and intra-subject variability in muscle activity patterns and end-

point stiffness levels depending on task, intent, and several other parameters, scalability of

musculoskeletal models is crucial to achieve proper calibration prior to use for inference

purposes.
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3.3.3 Con�gurationDependence& b(t) distribution

Using a series of paired t-tests, the effect of arm posture on the distribution of the simu-

lated cocontraction data was investigated. Results show a statistical signi�cant (p< 0.05)

effect of arm con�guration on the change in BT cocontraction levels with respect to the

neutral position of 0o. Inference about the arm posture effect on FE cocontraction levels

cannot be made (p> 0.05). Figure 3.9 summarizes the different distributions for each con-

�guration. The BT cocontraction distribution shows a similar shape compared to theb(t)

norm distribution (see Figure 3.9 and Figure 3.10). In addition, bothb(t) and BT cocon-

traction distributions exhibited arm posture dependence (p< 0.05). These results seem to

corroborate current knowledge of the primary role that biarticular muscles (muscles that

span two joints, e.g. BB muscle) play in the increase in endpoint stiffness [12]. They

also reveal which, of the two muscle-pair EMG sensor sets, could potentially be eliminated

for sensor reduction purposes. For the distribution ofb(t), Figure 3.10 shows a slightly

skewed distribution. A Kolmogorov-Smirnov test of normality conducted on the data sug-

gests (p< 0.001) that the distribution is not normal. Despite this result, it is possible that

a signi�cantly larger dataset would converge towards a normal distribution. Also, due to

the multidimensional nature of the variable, the distribution shown was obtained by taking

its vector norm. However, it is entirely possible thatb(t) is truly not a random variable,

through which humans regulate their endpoint stiffness.

3.3.4 ProbabilisticPredictionof TransientChangesin MuscleStiffness

Overall, the greatest discrepancies between prediction and experimental values were found

in trials involving the HMM method, with the largest differences coming from the beta +

HMM methods. Results of the endpoint estimation can be categorized into either failed

attempts (see Figure 3.12) or successful attempts (see Figure 3.11), based solely on estima-

tion of absolute stiffness values and correlation analysis of the data. Table 3.1 provides a

summary of correlation coef�cients between experimental and predicted stiffness, follow-
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Figure 3.9: Simulated cocontraction distributions, generated from randomb(t) values at
three different con�gurations (-20o, 0o and 20o) with varying endpoint force. A series of
paired t-tests revealed signi�cant effect (p< 0.05) of posture on BT cocontraction levels
only.

Figure 3.10: Distribution ofjjb (t)jj is similar in shape to the endpoint stiffness distribution
found in [9].
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Table 3.1: Summary of the correlation between experimentally determined stiffness and
predicted stiffness for all combinations of muscle force determination and scaling variable
determination approaches. Statistically signi�cant correlation values are highlighted in
bold, with p values given, corresponding to successful trials.

Subject Number Nominal + HMM Nominal + Constant Beta + HMM Beta + Constant
00 -0.0076 -0.0036 -0.0109 -0.0176
01 0.2561 (p < 0:05) 0.3311 (p < 0:01) -0.0237 -0.0593
02 -0.020 -0.2998 (p < 0:01) -0.0169 -0.0166
03 0.4683 (p < 0:01) 0.2946 (p < 0:01) -0.0185 -0.0194
04 0.1635 -0.2143 (p < 0:05) -0.0090 -0.0177
05 -0.0832 -0.0654 -0.0421 -0.0482
06 -0.0310 -0.2230 (p < 0:05) -0.0299 0.0146
07 0.0821 -0.0603 0.8281 (p < 0:01) -0.0526
08 -0.0223 -0.3052 (p < 0:01) -0.0251 -0.0369
09 -0.0056 0.5464 (p < 0:01) -0.0129 -0.0021

ing each of the four combined calibration methods during data analysis for each subject. At

�rst glance, we can immediately observe that for scaling variableg(t) determination, the

constant method, used by [10], yields the highest number of statistically signi�cant correla-

tions between predicted endpoint stiffness and actual endpoint stiffness. For muscle force

determination, the nominal method, also used by [10], yielded better correlation overall,

compared to the beta method. Some negative correlations were found, though p values for

most of those correlations suggest there is essentially zero correlation between predicted

and actual stiffness values. Overall, 10 out of 40 total trials yielded statistically signi�cant

results, whereas most prediction attempts were considered to be failed attempts.

An example of a successful (i.e., statistically signi�cant,r = 0.2561,p = 0.0101<

0.05) is displayed in Figure 3.11. This outcome points to a possible viability of probabilis-

tic estimation as a valid tool for inference of stochastic processes and also suggests that

modulation of theg(t) variable can indeed be a way to directly affect changes inbbb(t), and

hence endpoint stiffness, pHRI system stability, and performance. The time lag between

predicted and actual results, with the predictive model ahead in the time spectrum, was

also notable in some graphs of Figure 3.11. The model's time lead ahead of the experi-

mental method is an encouraging factor, suggesting that a proactive approach to stiffness

48



Figure 3.11: Example of prediction results from a single subject, with successful (i.e., sta-
tistically signi�cant) prediction of endpoint stiffness using the nominal + HMM methods.
Only 10 out 40 trials yielded successful results.

compensation in haptic control systems is possible, provided real-time implementation of

the current method is carried out. However, the delay between predicted and experimental

stiffness plot may play a role in lowering the correlation values between the two datasets.

Also, it is not well understood why this time lead also appears in the nominal + constant

case. Since the value chosen for the scaling constant in this case was the mean value ob-

tained from averaging the scaling values obtained from the nominal + HMM case, it is

possible that such an averaging procedure may explain the observed behavior.

Also, normalizing the predicted and actual stiffness plots with respect to their corre-

sponding maximal values yielded mostly similar correlation results. The normalized re-
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Figure 3.12: Example of prediction results from a single subject, with failed (i.e., no sta-
tistical signi�cance) prediction of endpoint stiffness using the proposed method. Most (30
out of 40) trials yielded failed results.

sults mostly showed a time delay between predicted and actual stiffness result, with the

prediction mostly ahead. However, time shifting of the predicted data (and array padding

of the missing data) did not signi�cantly improve the correlation between the two datasets.

This indicates that the lower stiffness values, relative to the maximal value, are not being

accurately predicted either. These results suggest a stiffness scaling issue that needs to be

addressed.

Additionally, cross-correlation data analysis is presented in terms of normalized cross-

correlation norm values at the zero (0) lag (Figure 3.13), and mean normalized cross-

correlation norm values (Figure 3.14). A one-way analysis of variance (ANOVA) with

respect to the experiment type was performed on the dataset in MATLAB software. For

the cross-correlation values at 0 lag, no statistical difference was found between ”nom-

inal + HMM” method and the ”nominal + constant” method. However, the ”nominal +

HMM” method was not statistically different from the other two beta methods, whereas the

”nominal + constant” method was statistically different (p < 0:01). For the mean cross-
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Figure 3.13: Normalized cross-correlation norm values at zero (0) lag between estimated
and experimental stiffness for ten (10) subjects.

correlation values, the ”nominal + constant” method was the only method found to be

statistically different from (better than) the other three methods (p < 0:001).

3.3.5 StiffnessInputandOutputMappings

Given the physiological boundary constraints of each muscle, the maximum endpoint stiff-

ness produced by the prediction model in [10] is limited to the 103 order of magnitude.

To account for the low muscle force estimates previously mentioned, a mapping of both

input (HMM training) and output (predicted result) stiffness was performed, which also

resulted in the constraining the values ofg(t) between 0 and 1. For input and output end-

point stiffness valueskin andkout, mapped valueŝkin andk̂out were obtained using equations

(Equation 3.7) and (Equation 3.8), respectively.
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Figure 3.14: Normalized mean cross-correlation norm values between estimated and ex-
perimental stiffness for ten (10) subjects.

k̂in =

8
><

>:

kin i f kin � 1

ln(kin) i f kin > 1
(3.7)

kout =

8
><

>:

k̂out i f k̂out � 1

exp(k̂out) i f k̂out > 1
(3.8)

It is probable that the use of these mapping rules may have contributed to the overshoot

in most stiffness estimations as well as the inability of our model to accurately predict lower

stiffness values with consistency.
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3.3.6 How DoestheCNSAchieveProperModulationof EndpointStiffnessin a Single

Direction?

Theories about how a human operator regulates endpoint impedance have been proposed

for a long time. Given current knowledge of the role of antagonistic cocontraction in mod-

ulating endpoint impedance, it is necessary to hone in on what speci�c control processes

can be used to accurately characterize how the human operator is able to affect impedance

at an interaction point during pHRI. This research partly aims toward this goal, since under-

standing mechanisms of neuromuscular adaption is key to relating them to system stability

and performance characteristics. For instance, based on the preliminary �ndings presented

in this study, it can be suggested that Crowninshield and Brand's optimality principle [65],

guiding the choice of cost function for muscle force computation, may only be an incom-

plete approach rather than anything else. Combination of this minimum energy optimality

criterion approach with methods accounting for coactivation of antagonistic muscles seems

to be a more plausible thought direction. The current study postulates that the nullspace

of the mapping between muscle forces and joint torques, a multidimensional variable vec-

tor bbb(t), directly affects changes in endpoint stiffness values. However, from a system

control perspective, achieving prediction of the vector's numerous entries, which are more

than likely co-dependent, is not a desirable task. As an alternative, the study postulates

that control of a one-dimensional time- and (likely) con�guration-dependent scaling factor

g(t), assumed to be constant in previous literature, is a better approach. Table Table 3.2

displays the correlation coef�cients between 1=g(t) andkbbb(t)k for all subjects, as obtained

from analyzing the training data in the beta + HMM case. At least 6 out of 10 subjects

exhibited statistically signi�cant correlations between the 2 variables. (Equation 3.3) char-

acterizes the nature of the relationship between the two variables, suggesting a possible

mapping between the inverse of the dimensional scaling factor 1=g(t) and the vectorbbb(t).

Examination of the relationship between these two variables is shown by the normalized

time realizations in Figure 3.15, as well as the normalized histogram distributions in Fig-
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Table 3.2: Summary of the correlation between 1=g(t) andkbbb(t)k for all subjects, as ob-
tained from analyzing the training data in the beta + HMM case, with statistically signi�-
cant results highlighted in bold.

Subject Number 00 01 02 03 04 05 06 07 08 09
Correlation 0.1958 0.5188 0.4096 0.9015 0.0996 0.0114 -0.0793 0.4422 0.4429 0.2774

p value 0.0509 4.45E-08 0.001 3.66E-04 0.5005 0.9169 0.4628 2.27E-05 6.23E-06 0.0074

Figure 3.15: Comparison of normalized time realizations ofkbbb(t)k and 1=g(t) in a single
subject, with successful prediction performance, shows a similar shape.

ure 3.16, which show similar shape and skewness. Based on these observations, the highly

discrepant and non-statistically signi�cant results obtained in the beta + HMM case can

be attributed to the fact that this combination is redundant. Such results could have been

expected, given the hypothesized interdependence of the two variables, 1=g(t) andkbbb(t)k.

Therefore, using the standard optimality principle to generate muscle forces given a certain

arm con�guration and endpoint force, we suggest that the CNS is able to tune the endpoint

impedance characteristics in a single direction by additionally modulating a single scaling

parameter, rather than a multivariable factor.

3.4 Limitations

Results presented in this study currently only apply to 1-DOF systems. Directional tun-

ing of endpoint impedance was not taken into account, due to the assumption that both

force and endpoint displacement vectors in the experiments vary along the same line of ac-
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Figure 3.16: Comparison of histogram distributions ofkbbb(t)k and 1=g(t) show a similar
shape and skewness.

tion. This assumption is made by considering that endpoint displacements along the radial

direction of the haptic paddle device in Figure 3.3 are negligible. However, the endpoint

stiffness estimation method outlined in Figure 3.1 produces a 6� 6 endpoint stiffness matrix

that can be used to analyze both value-based and directional effects of changes in model

parameters on the size and shape of the stiffness ellipsoid, but there would be no experi-

mental counterpart to the simulated data, since our current device is a 1-DOF system. The

current study only examined the second diagonal component of the stiffness matrix by as-

suming that the effects of other components were negligible, due to 1-DOF displacement

only. The paper also assumes that inertia and damping contributions to endpoint impedance

are negligible in this case, since stiffness is thought to be especially important during pos-

ture maintenance [10]. In some previous literature, estimate of joint stiffness, independent

of inertia and damping, was obtained by considering only the portion of the perturbation

response around peak displacement, where acceleration and velocity are low enough [50].

However, Konczak et al. (1999) [79] showed that greater accuracy was achieved when pre-

dicting position trajectories of subjects performing hold tasks using a full model, including

both variable stiffness and damping parameters, as compared to reduced models neglect-

ing damping. Changes in stiffness and damping were also found to be signi�cant during
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the braking phase of the movement. Based on this consideration, exploration of damping

effects on our system would be necessary. Future work may also include the generaliza-

tion of results to higher degrees of freedom by building a multidimensional test bed device

for proof of concept of a controller that tunes its impedance gains according to stochastic

changes in operator physical state. Another limitation of the current work is the failure to

account for muscle physiology (e.g., volume, physiological cross-sectional area or PCSA)

in the computation of the In addition, the perturbation force amplitude range (0–40N) in

this section is higher than the ones found in previous literature (e.g., 6.5–9.5N in [80]). It

is likely that our nominal + constant type trials, which essentially use the same approach

found in [10], suffer from the same limitation of low stiffness estimation. Hence, the model

may be better suited for low-range stiffness prediction. Additionally, testing of the model

with maximal muscle activation values at different con�gurations yielded endpoint stiffness

values that were found to be lower than the range of stiffness values calculated from the

experimental set-up. However, because some successful trials were found using the nomi-

nal + HMM approach, it remains to be investigated whether the inconsistency in the results

stems from a higher range of force perturbation or from non-optimal HMM training param-

eters. Sampling variance during data collection during experimental design may have also

played a great role in the performance of the HMM method in particular, given the effect of

both state and observation sequence lengths on the accuracy of the predictive model. Also,

convergence during training of the predictor models was not always immediately achieved

and required multiple trials among the randomly selected initial state distributions to reach

a local minimum in the optimization during HMM training. Choice of optimal model pa-

rameters, in order to improve and �nd a balance between prediction accuracy, train time,

and test time, will also be conducted in the near future to ensure repeatability of the promis-

ing results outlined in this study. Implementation of the currently proposed method into the

design of a novel haptic controller will require drastic reduction in computation time for

both online estimation and proactive gain scheduling. Currently, the most computationally
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expensive steps in the prediction process stem from calculation of joint data and inertial pa-

rameters for a given con�guration. Translation of the current code to run on target devices

as a binary �le will drastically reduce the computational burden and allow us to evaluate

prediction method performance in real-time.

3.5 Conclusion

This chapter discussed Aim 1 of our research. We proposed a new approach to quasi-

static endpoint stiffness estimation in 1-DOF haptic control systems, using a combination

of probabilistic estimation of hidden variables believed to directly affect endpoint stiffness

with a stiffness prediction method previously outlined in [10]. The proposed approach was

intended to achieve true estimation of absolute stiffness level values by accounting for mus-

cle cocontraction, in order to improve upon lower estimation issues encountered in previous

literature. Incorporation of operator dynamics into the pHRI system was performed using

a musculoskeletal model of the upper right limb, developed by [53]. The study hypoth-

esized that endpoint stiffness estimation could be achieved through probabilistic estima-

tion of a multidimensional parameterbbb(t) known to represent the mapping kernel between

muscle forces and joint torques (i.e., muscle coactivation). The estimation was ultimately

performed not through direct modulation of the parameter itself, but through probabilistic

prediction of a one-dimensional scaling factorg(t) shown to be related to the multidimen-

sional variable, by means of hidden Markov model (HMM) prediction theory. Results show

statistically signi�cant correlation between predicted and actual stiffness values in a third

of the total trials. Some successful (i.e., statistically signi�cant) predictions were obtained

using the proposed method, although consistent performance requires evaluation of the best

HMM parameters needed to run the simulations. In addition, high-frequency components

(i.e., oscillations) were introduced, as seen from the predicted stiffness pro�les, most likely

as a result of using HMM, a stochastic process.

Insights obtained from the current study about how the CNS is able to achieve mod-
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ulation of operator endpoint impedance indicate that real-time optimization of a single

one-dimensional and time-varying parameter, in addition to the static optimization of the

muscle force vector, can allow for incorporation of muscle cocontraction effects on changes

in endpoint stiffness along a single direction. Future directions in this work should ensure

repeatability of the current �ndings, evaluation of robustness to slight input changes, and

generalization of the proposed approach to multi-DOF systems. The ultimate goal of this

research is to design a novel haptic controller that tunes its impedance gains according to

stochastic changes in operator physical state (endpoint impedance) and intent. Bene�ts of

this work include contributions to communities interested in novel adaptive shared control

approaches for advanced manufacturing and process design (e.g., automobile, aerospace,

and construction industries).
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CHAPTER 4

INVESTIGATING THE VIABILITY OF BIOSIGNALS IN ONLINE

DATA-DRIVEN CONTROL OF A HAPTIC DEVICE: A COMPARATIVE STUDY

Several system parameters in the haptic control system displayed in Figure 1.2 and Fig-

ure 2.1 are either non-observable or not directly measurable. Of these parameters, the state

(e.g., endpoint stiffness, operator motion intent) prove to be the most dif�cult parameters

to take into account using a model-based control (MBC) approach. Though the feasibility

of operator endpoint stiffness estimation is shown in chapter 3, the online implementation

may prove very challenging using MBC theory. The challenges of such an approach are

well known and documented in previous literature [81]. For this reason, a new control ap-

proach should be investigated, one which accounts for measured input data and is able to

bypass the computational limitations of modeling operator dynamics at the musculoskeletal

level.

4.1 Introduction & Background

From the possible de�nitions of data-driven control (DDC), it can be seen that DDC method-

ologies depends only on the measured input-output (I/O) data of the controlled plant [81].

In this form of control theory, system design and analysis are both performed using only

the measured I/O data of the closed loop control system. There is no longer need for a

plant model (e.g., combined human operator and haptic device dynamics model). Using

a DDC approach, the measured I/O data of the control system are both the starting point

of the control problem and the system performance criteria. The emergence of this new

control approach over the last couple of decades has attracted a great deal of attention in

the control theory community.

Most DDC approaches fall into two categories:indirect DDC, which consist of system
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identi�cation followed by MBC approaches, anddirect DDC seeking an optimal decision

compatible with measured input data [82].

4.1.1 RelatedWork

The use of admittance control to regulate pHRI is common for the improvement of the

human-robot collaboration. To this end, proper detection of human intention is key to

achieving high performance (e.g., smoothness of motion, intuitive interaction, speed of

task completion, accuracy in task completion). Use of kinematic input [83, 84] or kinetic

input [85, 86] information has been explored in previous research as a tool to properly

modulate the damping parameter of the admittance controller. Combinations of kinetic

(e.g., derivative of force input) and kinematic (e.g., velocity) input data have also been

used to forecast acceleration and deceleration patterns in manipulated objects [87, 88].

However, it is well known that using these input types presents disadvantages for the goal

of human intent prediction, since their acquisition often occurs most likely after the human

decision has been made [89]. Other biosignals which are known to precede movement

onset, such as electromyogram or EMG (� 100 ms [90]), electroencephalogram or EEG

(� 1 s [91]), eye gaze data (� 2 s [92]) have been proposed as alternatives or additions to the

input dataset for human intent prediction. Previousdirect DDC approaches have focused

on real-time switching of admittance (e.g., damping) parameters between discrete levels,

based on monitoring of muscle coactivation and comparing to predetermined threshold

levels [9, 93], with applications ranging from exoskeleton use to collaborative robots [94,

95, 96, 97].

In this chapter, we investigate a DDC approach that can incorporate a human operator's

muscle coactivation, obtained from EMG data, as part of the intent prediction scheme, in

order to improve performance of the physical interaction with a 1-DoF haptic device. The

DDC approach involves switching admittance parameters according to state prediction per-

formed by a machine learning tool; the approach is compared to a standard variable admit-
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tance control approach, detailed in chapter 5, and a parametric admittance control approach

that accounts for noise disturbance. Unlike other variable or switched admittance control

approaches, which requirea priori knowledge of states (i.e., admittance parameters, or

particularly damping values), the currently investigated approach is mean toautomatically

determine the admittance parameters in an unsupervised manner.

4.2 Problem Formulation

Consider the I/O (e.g., force to endpoint position) data displayed in Figure 4.1, obtained

from the deliberate operation of a 1-DoF haptic device shown in Figure 2.2 by a human op-

erator. We desire to characterize this I/O relationship using available system identi�cation

tools.

Figure 4.1: Identi�cation of an Unknown System from Input and Output Data.

The most general characteristic equation of this I/O relationship is through a linear

time-variant system as shown in (Equation 4.1).

a0(t)x(n)(t) + a1(t)x(n� 1)(t) + ::: + an� 1(t) �x(t) + an(t)x(t)

= b0(t) f (n)(t) + b1(t) f (n� 1)(t) + ::: + bn� 1(t) �f (t) + bn(t) f (t)
(4.1)

Using linear model system identi�cation methods, particularly parametric methods,

such as transfer functions (TF) [98, 99], state-space (SS) representation [100], and au-
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toregressive (AR) models [101, 102], the I/O can be described in a manner useful toward

inference of future system behavior, with assumption of time invariance where appropriate.

4.2.1 State-SpaceRepresentation

Assuming linear time-invariant conditions, the system dynamics above can be formulated

in state-space representation, particularly in what is known as controllable canonical form,

shown in (Equation 4.2).

�xxx(t) = AAA xxx(t)+ BBB u(t) (4.2a)

y(t) = CCC xxx(t)+ DDD u(t) (4.2b)

where�xxx(t) 2 Rn� 1, AAA2 Rn� n, BBB2 Rn� 1,CCC 2 R1� n, andDDD 2 R, u(t) is the input variable

andy(t) is the output variable. However, due to the variability of the system parameters

introduced, most likely, by the human operator subsystem, it is nearly impossible to obtain a

viable (50% accuracy or greater) model of the I/O relationship using standard deterministic

system identi�cation tools (e.g., MATLAB® System Identi�cation Toolbox), let alone use

such a model for inference of long-term future system behavior.

The addition of a disturbance model to the deterministic portion of the system is char-

acterized by the augmented state-space form shown in (Equation 4.3)

�xxx(t) = AAA xxx(t)+ BBB u(t)+ KKK e(t) (4.3a)

y(t) = CCC xxx(t)+ DDD u(t)+ e(t) (4.3b)

whereKKK 2 Rn� 1 is the Kalman gain matrix, ande(t) represents white noise source.

Using the noise added approach, better (greater than 90%) accuracy can only be achieved

usingk-step prediction, wherek represents the number of time samples between the time

point of each output measurement and the time point of the resulting predicted response.
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As shown in Figure 4.2, the prediction performance decreases ask increases.

Figure 4.2: Example of performance (i.e., prediction accuracy) degradation ofk-step pre-
diction as number of samples,k, increases.

4.2.2 SwitchedState-SpaceRepresentation

The question of whether the same haptic device system can be characterized by a switch-

ing second-order differential equation with inputu(t) = f (t) (i.e., endpoint force), and

outputy(t) = x(t) (i.e., endpoint position), is the subject of investigation in this work. The

switched linear system representation below is used

a0s ẍ(t) + a1s �x(t) + a2s x(t) = b0s
�f (t) + b1s f (t) (4.4)
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where the mappings : t 2 R� 0 ! f 1;2;3: : : ; lg is a switching signal function of time,

with l being the number of subsystems (i.e., states). Under certain assumptions (e.g.,b0s =

0), the corresponding state-space representation is

�xxx(t) = AAAs xxx(t)+ BBBs u(t) (4.5a)

y(t) = CCCs xxx(t)+ DDDs u(t) (4.5b)

Figure 4.3 displays a diagram representation of a 1-DoF haptic control system, under

the switched admittance control approach explored in this work.

Figure 4.3: Detailed block diagram of a haptic controller tuned via switched admittance
control, accounting for sensor data including the operator's muscle activation.

4.2.3 Vinnicombegap(n-gap)metric

In this work, we explore the optional use of the Vinnicombe gap (n-gap) metric [103] as a

model order reduction tool. For two plantsP1 andP2, whereP1 = N1M� 1
1 andP2 = N2M� 1

2

are the right normalized coprime factorizations, the Vinnicombe gap orn-gap metric is

given by

dn(P1;P2) = max
w






 (I + P2P�

2 )� 1
2 (P1 � P2)( I + P1P�

1 )� 1
2








¥
(4.6)

provided that detk(I + P�
2 P1)k has the right winding number. Here, * denotes the conjugate.

This expression is a weighted difference between the two frequency responses,P1( jw) and

P2( jw). Then-gap metric values satisfy 0� n-gap� 1, with values close to zero implying
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that any controller that stabilizesP1 also stabilizesP2 with similar closed-loop gains. Using

a tuned gap threshold parameter,thrgap, for model reduction purposes, an initial number of

candidate models can be reduced tol number of subsystems or states used by the operator

to produce the motion pro�le observed. For instance, subsystemsP1 andP2 are deemed

suf�ciently different if dn(P1;P2) � thrgap.

4.3 METHODS& RESULTS: ADMITTANCE CONTROL APPROACHES

Three admittance control approaches are considered in this work, one of which is able to

account for the operator's muscle coactivation. All approaches characterize the relationship

between the measured force,fm(t), and the desired (command) position,xd(t).

4.3.1 Variable(vmVar) AdmittanceControl

The variable admittance controller referred to in this work is characterized by (Equa-

tion 5.4) summarized in Appendix C and corresponds to the “variable-mass” (vmVar) ad-

mittance control shown in the summary.

fm(t) = md(t)ẍd(t) + bd(t) �xd(t) + kd(t)xd(t) (4.7)

In this work,kd(t) = 0, l (t) = 0, andL
0
= 200.

4.3.2 NoiseDisturbance-basedAdmittanceControl(nDAC)

The noise disturbance-based admittance control (nDAC) approach is characterized by (Equa-

tion 4.3). Here,C = [ 1 0], D = 0.

4.3.3 SwitchingAdmittanceControl(SAC)

The switching admittance control (SAC) approach can be characterized by (Equation 4.4)

or (Equation 4.5). The approach, as summarized in Figure 4.4, consists of 1) sweeping
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the training and using known system identi�cation methods (e.g., MATLAB'sssestfunc-

tion), and generating candidate second-order state-space models, 2) optionally reducing

to a lower �nal subset of states, using then� gap metric as model reduction tool, and 3)

training a kNN classi�er using the index of the different state-space models as the state

label in the training data. The data sweeping procedure is outlined further in Figure 4.5.

Figure 4.4: Description of a switched admittance control approach, using the index to
second-order state-space (SS) models found as classi�er states.

Starting with a given training data vector size with input (e.g., force) and output (e.g., po-

sition), the sweep approach consists of searching for candidate second-order state-space

(SS) models whose prediction accuracy meet a certain threshold (thr) requirement (e.g.,

%f it � thr = 90%). The sweeping approach starts by evaluating the whole I/O training

dataset to �nd a single SS model, and proceeds to reduce the search window size, by a

step (stp), corresponding to a prede�ned number of samples (e.g.,st p= 5). Once a good

candidate SS model is found, the start of sweep window is updated to correspond to the end

of the previous SS sample window. The system identi�cation search is completed once the

whole I/O training dataset has been fully characterized, withn SS models obtained. The
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Figure 4.5: Description of a data sweeping procedure for identifying multiple second-order
state-space (SS) models that can characterize a training dataset in a switched admittance
control (SAC) approach.

initial number of candidate models,n, can then be optionally reduced tol number of mod-

els (or subssystems), according to then � gapmetric (i.e,dn � thrgap = 0.9999). Hence,

1 � l � n, and the �nal number of canditate models is used to train the kNN classi�er (with

standardized Euclidean distance setting).

4.3.4 Trackingof SimulatedReferenceSignals

Using MATLAB/Simulink software, the switched admittance control method investigated

in this work was initially tested by attempting to track different types of reference signals,

generated using the following signal forfm(t), shown in Figure 4.6: a combination of

two sinusoidal signals(S1 = 11:43sin(2:5t) andS2 = 20sin(1:25t), sample time = 0.01s).

Simulation parameters are given in chapter 5 The total simulation time wastend = 40 s.

Here, the operator control law was intuitively assumed to be as shown in (Equation 4.8).

fm(t) = mds (t)ẍre f (t) + bds (t) �xre f (t) + kds (t)xre f (t) (4.8)

wherekds (t) = 0,bds (t) = 0.1,mds (t) 2 f Md; Md
2 ; Md

4 ; Md
8 ; :::g for s (t) 2 f 1;2;3;4; :::g, with
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Figure 4.6: Input forcefm(t) pro�le for simulations.

Md = 2000 here, such that

mds (t) =
l= 4

å
i= 1

Md

2i� 1 (t 2 [ti� 1; ti)) ( t0 = 0; ti =
tend

i
) (4.9)

The kNN classi�er was trained with thekinetic (i.e., force) data as input only. Re-

sults of the simulations are shown in Figure 4.7 and indicate a prediction accuracy of

95.10� 2:18%:

4.3.5 Of�ine TrackingPerformanceof SubjectData

Eleven (11) healthy subjects (2 females, 2 left-handed with one (1) subject using the left

arm to operate device, age range 20 - 36, Georgia Tech IRB H20162) were tasked to inter-

act with the 1-DoF haptic device setup, performing a target tracking (TT) trial, as described

in chapter 2, chapter 5, and shown in Figure 4.9, with a 32 lbs (s 14.5 kg) payload. For

this task, no control (admittance or position) was applied on the device. Kinematic, ki-

netic, and EMG data were acquired in LabVIEW software at 1kHz sampling rate, while the

control loops (i.e., admittance control, position control, etc.) were set at 250 Hz sampling

rate. Muscle coactivation was also computed at the data acquisition rate, using (Equa-

tion 1.6). Data logging, however, occured at a variable machine sampling rate, leading to

a resampling, during of�ine data analysis, of the recorded dataset using the mean sampling
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Figure 4.7: Simulation results from the estimation of the operator intended or reference
motion pro�le (xre f ) using the proposed switching admittance control (SAC) approach.
The results are shown for four different types of number of statesl : (a) l = 1, (b) l = 2, (c)
l = 3, and (d)l = 4.

rate observed in each subject's dataset (108.2� 0.31 Hz mean sampling rate). The device

was loaded with the weight for all subject trials. Since no force assistance was used, the

control effort,e, was 100%. The of�ine tracking performance of theSACcontroller was

investigated. The controller was con�gured with a kNN-based decision function trained

with:

• kinetic training data only (kinetic)

• all training data (all), meaning kinetic data combined with muscle coactivation data

Tracking results are summarized in Table 4.1, with N/A values corresponding to track-
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ing accuracy values falling outside of the 0 - 100% range.

Table 4.1: Comparison of simulated tracking performance (measured by tracking accuracy
%f it ) of a switching admittance control (SAC) approach, employing a k Nearest Neighbor
(kNN) classi�er trained with eitherkinetic data, orall data (i.e., including the operator's
muscle coactivation) . Half of the dataset was used to train the kNN, and the training
performance validation was done on the full training dataset. Eleven (11) subjects were
asked to perform a target tracking (TT) trial. High performance corresponds high %f it .
N/A values correspond to tracking accuracy values falling outside of the 0 - 100% range.

%f it
SAC, kinetic SAC, all

Subject 1 13.5% 26.3%
Subject 2 6.6% N/A
Subject 3 N/A N/A
Subject 4 2.7% N/A
Subject 5 54.4% 50.3%
Subject 6 N/A N/A
Subject 7 15.4% 54.3%
Subject 8 38.6% 28.4%
Subject 9 31.8% 26.8%
Subject 10 13.3% 30.9%
Subject 11 N/A N/A

Averaged data 22.04� 17.82% 36.17� 12.66%

A two-sample Kolmogorov-Smirnov test was used to determine statistical signi�cance.

No statistically signi�cant difference was found between the two types of training, with

kineticdata only and withall data, including muscle coactivation data (p = 0.0797). Over-

all, the of�ine tracking performance of theSACapproach was poor, though the trend in

tracking the position (or kinematics) pro�le was adequate, as shown in an example plot in

Figure 4.8.

The range of the number of states,l , predicted by theSACapproach was [4-8] states,

with a median of 5 states and an inter-quartile range of 2 states, for both types of data

training. Then� gap model reduction attempt yielded the original number of states (i.e.,

l = n), with indicating that the sweeping method proposed in this work is already a conser-

vative approach. The gap metric values,dn, for all comparisons for all subjects was always

found to be 1, indicating that the initial candidate states were suf�ciently different from

one another.
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Figure 4.8: Example (from Subject 5) of of�ine tracking performance result of theSAC
approach withkinetic (54.4% accuracy) andall (50.3% accuracy) training data. The left
plot is the force pro�le, while the right plot shows the position tracking performance.

4.4 ONLINE EXPERIMENTAL VALIDATION: METHODS

One (1) healthy subject (male, right-handed, age 20, Georgia Tech IRB H20162) was tasked

to interact with the 1-DoF haptic device setup, described in chapter 2 and shown in Fig-

ure 4.9, with a 32 lbs (s 14.5 kg) payload. The haptic device used a force sensor (ATI

Industrial Automation, Apex, NC) mounted on the handle.
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Figure 4.9: Validation experiment using 1-DoF haptic device loaded with 32 lbs weight.
The right-side �gure shows an example of a target tracking experiment.

The device was loaded with the weight for all trials. In addition, the same control effort

(i.e., how much force the operator applied on the device) was used for each controller type,

in order to normalize the effort produced by the operator for all trials. The control effort,e,

is the ratio of the forcefm(t) measured by the haptic device through its force sensor, to the

control inputu(t) that is fed to the admittance controller, as described in (Equation 5.24).

u(t) =
100fm(t)

e
(4.10)

For position control, a stochastic linear quadratic regulator (SLQR) [47] that can ac-

count for random variation of system parameters was uwith the task. Three (3) different

types of admittance controllers were tested throughout the different trials performed, with

e = 0.1%:

1. Variable Admittance Controller (seevmVar in Figure 5.2 for a �ow diagram sum-

mary):

2. Switching Admittance Controller (SAC) with a kNN-based decision function (Km =

0.314 N/V). The kNN was trained with all training data (SAC, all), meaning kinetic

data and muscle coactivation data.
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3. Noise Disturbance-based Admittance Controller (nDAC) which accounts for distur-

bance in the model, as shown in (Equation 4.3)

Five (5) trials were carried out overall per controller, for a total number of �fteen (15)

trials, not including the warm-up trials. The trials were carried out in a random order,

using a random generator with uniform distribution. The dataset obtained from the vari-

able admittance controller trial was used as the training data for the kNN-based switching

admittance controller. TT trials lasted for different durations, depending on the perfor-

mance of the subject. For all trials, evaluating performance consisted of computing 1)

the Q cost value according to (Equation 5.6), 2) the %f it values calculated according to

(Equation 5.21) between the target positionxre f and the current positionx of the device.

In addition, the length of the trials was (optionally) used as a third performance metric.

The subject was also asked to give their qualitative assessment of the admittance control

method after each trial, based on how much effort they were producing, and how well they

felt the device was helping them to carry out the precision task. Kinematic, kinetic, and

EMG data were acquired in LabVIEW software at 1kHz sampling rate, while the control

loops (i.e., admittance control, position control, etc.) were set at 250 Hz sampling rate.

Data logging, however, occured at a variable machine sampling rate, leading to a resam-

pling, during of�ine data analysis, of the recorded dataset using the mean sampling rate

observed in each subject's dataset (108.2� 0.31 Hz mean sampling rate). EMG signals of

four upper limb muscles (Figure 4.10) were measured: biceps brachii (BB), triceps brachii

(TB), �exor carpi ulnaris (FCU), and extensor carpi ulnaris (ECU).

The �rst two muscles are the antagonistic pair for the wrist joint, and the latter two

are the antagonistic pair for the elbow joint. The skin preparation, electrode attachment,

and maximum voluntary contraction measurement procedures are the same as previously

reported. Muscle coactivation was computed at the data acquisition rate, using (Equa-

tion 1.6).
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Figure 4.10: Muscle selection and EMG placement for the current study.

4.5 ONLINE EXPERIMENTAL VALIDATION: RESULTS

Data training for theSACadmittance control approach yielded �ve (5) initial states. The

same number of states was found after then� gap-based model reduction. Figure 4.11

shows examples of position pro�les for TT trials, under the three different types of admit-

tance control.

Figure 4.12 presents a performance comparison of the three different admittance control

approaches. Results indicate that thevmVarvariable admittance control yields the lowest

Q cost (p < 0.05) of all three approaches, whereas theSACapproach, while similar in the

remaining performance metrics to thevmVarapproach, yields statistically higher %f it than

thenDACapproach (p < 0.05), but also yields statistically longer trials (p < 0.05).

When it comes to ”xre f vs. xd” performance comparison, meaning the operator's in-

tended motion and the desired (command) motion, thevmVaradmittance controller was

found to yield the bestQ cost performance (p < 0.05). The results also indicate that the

position controller (i.e., SLQR) plays a dominant role here in compensating for the poor

tracking performance of theSACadmittance controller, compared to the other controllers
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Figure 4.11: Example of target tracking (TT) trials time pro�les, under three different types
of admittance controllers (vmVar,nDAC, andSAC,all). Here,xre f is the reference (intended)
position is the blue line,x is the current position is the red line.

Figure 4.12: Comparison of performance,Qcost (left), %f it (middle), and length of trial,
Time(right), for three different types of admittance controllers:vmVar,nDAC, andSAC,all.
High performance = lowQ cost, high %f it , shortTime.

(see Figure F.3).
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4.6 DISCUSSION

Comparison ofxre f vs:xd, meaning the reference (intended) motion and the desired (com-

mand) motion indicated very poor performance from theSACcontroller. The compensation

effect of the position controller in this case is signi�cant. Having this compensatory effect

can lead to a lack of appreciation for the need a good admittance control scheme. Use of

muscle coactivation information to perform TT trials and other types of trials that require

high precision seems to not be adequate for theSACcontroller, particularly if the operator

is not familiar with the task (i.e., novice). Just as previous literature [104] shows that hand

admittance pro�les can differ across experienced and novice operators, the high levels of

control effort, required fornDACandSACcontrollers, coupled with the a single state cho-

sen by the kNN classi�er, in the case of theSACcontroller, indicate that the familiarity

with the motion task does play a sizeable role in the performance of the operator. For in-

stance, Johnson et. al. [105] have shown that, after short-term practice using a prosthesis,

vibrotactile feedback (VTF) during transport can have a neural effect over brain areas in

preceding phases of movement, with these changes persisting and being present during the

transport phase of the task.

Additionally, proper training conditions (i.e., training conditions closer to the testing

conditions, familiarity of the operator with the task), though they may not help with the

admittance controller performance, may improve the compensation performance of the po-

sition controller. This is the case when theSACtraining is performed using training data

acquired from operating the device under �xed admittance control conditions with low

stiffness (kd = 0.1 N/m), damping (bd = 3 N s/m) and mass (md = 200 kg,e = 0.1%). Under

such conditions, online switching of the state occurs (see Figure F.5, though overall, the

performance results, shown in Figure F.4, remain similar to those reported in Figure 4.12

under training conditions where admittance control was applied. Here the total number of

states was found to be three (3), and the switching during the online trials occurred between
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state 1 and state 2.

In terms of the qualitative assessment of the different controllers, inquiring from the

subject about their control effort, ease of task completion, and overall feeling in general, at

random points during the experiments con�rmed the quantitative assessment as well. More

accurate, when going for the small distances, able to get it within few tries, compared to the

other ones. Using thevmVarcontrol, the device was described as “smooth to move”, “more

accurate than other ones”; the subject was able to identify the type of trial by how accurate

it was. For thenDAC andSACcontrollers, the subject “struggled” and found that “short

motions”, meaning the short burst of motion to achieve the desired precision during the

task, were dif�cult to achieve, compared to thevmVarcontroller. TheSACcontroller was

found to have “similar accuracy” as thenDAC controller, with both being “less accurate”

than thevmVarcontroller.

4.7 CONCLUSION

In this chapter, we investigated a couple of data-driven control (DDC) admittance control

approaches, with one of them being able to incorporate a human operator's muscle coacti-

vation, obtained from EMG data, as part of the intent prediction scheme. The investigation

is part of overall goal to improve performance of the physical interaction with a 1-DoF hap-

tic device. The two admittance control approaches, a switching admittance control (SAC)

and a noise disturbance-based admittance control approach (nDAC) were found to be less

performing than a known variable admittance control approach (vmVar) also developed in

this body of work. Unlike other variable or switched admittance control approaches, which

requirea priori knowledge of states (i.e., admittance parameters, or particularly damping

values), theSACapproach was attractive because it canautomaticallydetermine the ad-

mittance parameters in an unsupervised manner. While simulation results of the approach

yielded somewhat viable results, real-time online use of the approach yield poor tracking

performance of the admittance controller, and suggests that the operator tends to remain
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in a single state, a typical coping strategy when an operator is unfamiliar with a motion

task. Improving the training conditions (i.e., making them close to the testing conditions)

helps activate the switching of the states and improve the compensating performance of the

position control. Further work on the
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CHAPTER 5

VARIABLE ADMITTANCE CONTROL APPROACH

Growing interest in physical human-robot interaction (pHRI), particularly in ”Intelligent

Assist devices” or IADs (i.e., active collaborative devices for human assistance) used in-

dustrial settings, has led to more research on their control. Robots that engage in such

interaction must often produce large forces (e.g., force-assist devices) while exhibiting

desired mechanical endpoint impedance [106]. As previously mentioned, typical haptic

controllers consist of a combination of admittance (or impedance) control with reference

(e.g., position control) tracking control. Admittance control (more or less the inverse of

impedance control, in which motion is controlled after force is measured) is a common

approach used to achieve real-time variation of the amount of assistance a haptic device

provides by varying parameters (inertia, damping and stiffness) of the controller without

signi�cant effects on system stability. It is a commonly used approach in rehabilitation

robotics, for instance, in order to maintain the human-robot interaction force below safe

levels [107]. Haptic devices commonly use admittance control to de�ne the dynamic rela-

tionship between external (e.g., human) forces and displacement in response to these forces

[108]. The admittance appropriate for a given dynamic environment is dependent upon the

task to be performed [109]. A trade-off between allowable forces and position errors is of-

ten observed and can be expressed as a cost function to be minimized or maximized based

on a performance index.

Previous work on the choice of appropriate admittance parameters during haptic inter-

action has varied based on the investigated task. The most common admittance model used

in haptic environments is a spring-damper model (”virtual wall”) and the most conservative

approach is based on system passivity [110], which has shown itself to be very attractive

due to its simplicity and elegant closed-form solution. In [109], the static case of maintain-
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ing a �xed position given perturbations from the environment is explored by modeling the

perturbation as a zero-mean, Gaussian, purely random process with given strength. Previ-

ous work on variable admittance control methods for a human-robot cooperative task has

focused on mainly varying the damping parameter [2, 111, 112, 113], sometimes based on

estimation of the stiffness parameter [114]. In [115], a recursive least squares (RLS) esti-

mation method is used to determine admittance parameters in an unstructured and unknown

environment, a method that is adapted in [116] for human-robot handshaking tasks.

In this work, we develop a method to analytically derive admittance parameters for

variable admittance control of a 1-DoF haptic system, given knowledge of the system's

state dynamics and of the desired performance characteristics. The approach is based on

Pontryagin's Minimum Principle (PMP) [117], and uses a cost function similar to that used

in [109]. The assumptions made in this work include a perfect position control, a rigid con-

tact grasp. The goal of this research is to combine this variable admittance approach with

any (e.g., low-level) position controller that can account for the variability of some model

parameters in pHRI systems, in order to ultimately improve the stability and performance

of such systems.

5.1 BACKGROUND & RELATED WORK

In pHRI, where a coupled system is established as a result of physical contact between a hu-

man operator and a robotic device, the operator is the main source of variability. In theory,

designing appropriate controllers that effectively improve stability and performance would

lead to safer co-robots that can be operated without sacri�cing performance. Given today's

technology, robots and other intelligent machines that interact with human operators still

face a unique set of challenges in achieving both stability and performance [106].

A mass-spring-damper model is a common representation of a one-degree-of-freedom

(1-DoF) pHRI system. The model assumes that the human operator has a perfectly rigid

grasp on the manipulator's end-effector. Previous research on lumped-parameter (mass-
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spring-damper) models of the human operator arm during haptic interaction typically range

from three to several model parameters [48, 118, 119, 120, 121, 122]. This assumption may

not be valid depending on the type of grasp or tension applied at the endpoint by the user.

In this work, we focus on the overall dynamic behavior of the arm, and less on the details

of muscle activation dynamics, by modeling the effective stiffness (and possibly damping)

of the human arm as a variable parameter, hence accounting for the deliberate stiffening

during a haptic task. However, based on previous work [3], human operator stiffness data

can be classi�ed in different levels, with three levels providing the most signi�cant results.

As seen from previous research in the �eld, proper admittance control in pHRI is

achieved through effective modulation of the damping-to-inertia ratio, given the assump-

tion of a negligible desired stiffness coef�cient [112]. In pHRI, modulation of the virtual

damping directly affects the human operator's subjective ”feel”; modulation of the inertia

parameter directly affects the system's stability and indirectly affects the operator's feel

[123]. Variable admittance control strategies in pHRI have mainly consisted of either ad-

justing the virtual damping only [87, 124, 125, 111, 126], or adjusting both virtual damping

and inertia [127, 128, 129]. Though Sharkawyet al. [123] shows that online adjustment of

the inertia is possible for improving human ”feel” in pHRI, the sole adjustment of virtual

inertia in previous works has mainly been done for purposes of analyzing stability bounds

[130] and reducing sensor signal noise [131]. The modulation of the admittance parame-

ters has been based on human intention estimation (e.g., human arm stiffness) or strictly

data-based.

PMP is closely related to the Hamilton–Jacobi–Bellman (HJB) equation [132, 133] and

provides necessary, but not suf�cient, conditions that an optimal trajectory must satisfy.

The HJB equation, however, along with a boundary condition specifying terminal cost, can

yield a unique optimal solution to the planning problem. Unfortunately, it is dif�cult to

solve analytically in most settings, leading many to have to revert to numerical or other

model-free techniques. In terms of pHRI applications, Zhanet al. [134], for instance, have

81



developed an adaptive dynamic program (ADP)-based enhanced admittance controller, for

robots interacting with unknown environments, which employs a radial-basis function neu-

ral network (RBFNN) to approach to the minimum cost function and make an optimal con-

trol of the HJB equation. Rovedaet al. [135] have proposed a model predictive variable

impedance controller, combined with a Lyapunov based controller, and equivalent to blend-

ing HJB theory with Euler-Lagrange optimization, to improve control of pHRI tasks. Wu

et al. [136] also use a reinforcement (Q-)learning approach to attain a model-free solution

to their pHRI control optimization problem. Our proposed admittance control approach

builds upon these previous works to attempt to analytically derive admittance parameters

from necessary optimality conditions obtained from PMP.

5.2 VARIABLE ADMITTANCE PARAMETER ESTIMATION APPROACH

5.2.1 SystemCharacterization

Consider a 1-DOF haptic system with a Cartesian admittance model. Complete derivation

of the optimal admittance parameters can be obtained, under assumptions of perfect posi-

tion control and a rigid grasp contact. In this work, the proposed method is validated using

simulation and experimental data. Here, the operator (subscripto) is modeled with constant

parameters (massmo, dampingbo, and stiffnessko) and a command forcefo(t) [119], as

described in (Equation 5.1).

fo(t) � fm(t) = moẍ(t) + bo �x(t) + kox(t) (5.1)

The haptic device (subscripth) can be modeled with constant parameters (massmh,

dampingbh, and stiffnesskh) and is capable of measuring the applied forcefm(t). The

haptic assist force,fh(t), is determined based on the desired parameters. (Equation 5.2)
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describes the device dynamics modeling under assistive conditions.

fm(t) + fh(t) = mhẍ(t) + bh �x(t) + khx(t) (5.2)

The combined (human-robot) dynamic system is characterized by adding the two pre-

vious equations in the 1-DoF case, yielding (Equation 5.3).

(5.3)fo(t) + fh(t) = ( mo(t) + mh) ẍ(t) + ( bo(t) + bh) �x(t) + ( ko(t) + kh) x(t)

5.2.2 VariableAdmittanceParameterDerivation

(Equation 5.4) describes the 1-DoF admittance model in Cartesian space.

fm(t) = md(t)ẍd(t) + bd(t) �xd(t) + kd(t)xd(t) (5.4)

Here, the desired system parameters are represented by the massmd(t), dampingbd(t),

and stiffnesskd(t), the desired kinematics by ¨xd(t), �xd(t), xd(t). A detailed block dia-

gram of a typical haptic control system is shown in Figure 5.1, where the control approach

consists of combining an outer-loop admittance controller that generates desired charac-

teristics with an inner-loop position controller that tracks those desired characteristics. In

Figure 5.1: Detailed block diagram representation of a conceptual haptic control system
with combined human-robot dynamics and a variable admittance controller.

addition, combined human-robot dynamics, as well as operator dynamics overall, can also

be characterized. The �rst set of assumptions made in this work are given below.
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Assumption 1(Rigid Grasp). The operator established rigid grasp contact with the haptic

device.

xh(t) = xo(t) = x(t)

Assumption 2(Perfect Position Control). The position controller perfectly tracks the de-

sired system kinematics.

xd(t) = x(t)

We then obtain the state equations (Equation 5.5a-b),

�xd(t) = vd(t) (5.5a)

�vd(t) = �
kd(t)
md(t)

xd(t) �
bd(t)
md(t)

vd(t) +
1

md(t)
u(t) (5.5b)

where the control input isu(t) = fm(t).

As shown in [109], quantitative parameters, such as force toleranceutol and position tol-

erancextol, can be used as performance indexes to characterize the trade-off between allow-

able interface forces and allowable position deviations, by maximizing or minimizing a cost

function using optimization theory. Letxre f (t) represent the reference (intended) position

by the human operator at timet 2 [0; ¥ ). When optimal conditions are met,xre f (t) = xd(t).

The cost function is given in (Equation 5.6).

Q(t) =
Z t

0

1
2

" �
u(t )
utol

� 2

+
�

xre f (t ) � xd(t )
xtol

� 2
#

dt (5.6)

Using Pontryagin's Minimum Principle with �xed �nal state [117], the optimization

problem is equivalent to minimizing the augmented cost function or Hamiltonian function
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H. The reformulated optimal control problem is given by:

minimize
md;bd;kd

Z t

0
f H � l �xd � l

0
ẍdgdt

subject to xd 2 X = f xd 2 R; jxdj� xtolg;

u 2 U = f u 2 R; juj� utolg;

md 2 R> 0; bd 2 R� 0; kd 2 R� 0

(5.7)

whereH can be constructed using (Equation 5.5a-b) and (Equation 5.6),

H(t) =
u2(t)
2u2

tol
+

�
xre f (t) � xd(t)

� 2

2x2
tol

+ l (t) vd(t)

+ l
0
(t)

�
�

kd(t)
md(t)

xd(t) �
bd(t)
md(t)

vd(t) +
1

md(t)
u(t)

�
(5.8)

with l (t) and l
0
(t) being time-varying Lagrange multipliers, also referred to as costate

variables.

The minimizing conditions with respect to state variables are:

¶H
¶xd

= � �l (t) = �
xre f (t) � xd(t)

x2
tol

� l
0
(t)

kd(t)
md(t)

(5.9a)

¶H
¶vd

= � �l
0
(t) = l (t) � l

0
(t)

bd(t)
md(t)

(5.9b)

The minimizing conditions with respect to the Lagrange multipliers naturally yield the

right-hand side of (Equation 5.5a-b).

The minimizing condition with respect to the control input is:

¶H
¶u

= 0 =
u(t)
u2

tol
+

l
0
(t)

md(t)
(5.10)

The conditions above are proven to be necessary, but not suf�cient, for optimality [117].
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Additional (optional) minimizing conditions with respect to the admittance parameters

can be used, but are not necessary for this work:

¶H
¶kd

= �
l

0
(t)

md(t)
xd(t) (5.11a)

¶H
¶bd

= �
l

0
(t)

md(t)
vd(t) (5.11b)

¶H
¶md

=
l

0
(t)

m2
d(t)

(kd(t)xd(t) + bd(t)vd(t) � u(t)) (5.11c)

Two main cases of optimal action emerge from the set of equations above. The �rst,

u� (t) = 0, corresponds to the no-control-input situations. Here, based on (Equation 5.9b)

and (Equation 5.10),l
0
(t) = l (t) = 0. In this case, since the optimal admittance parameters

are not derivable analytically from the set of conditions above, arbitrary constant values,

subject to constraints in (Equation 5.7), can chosen based on the desired response of the

system.

In the second case,u� (t) 6= 0, and thereforel
0
(t) 6= 0, based on (Equation 5.10). With

this required constraint, the optional constraints in (Equation 5.11a-c) can no longer be

satis�ed. Having recourse to (sub-optimal) conditions closest to the optimal action in the

no-control-input case, it is desired thatl
0
(t) be close to zero instead.

From (Equation 5.10), we derive the �rst admittance parametermd(t).

m�
d(t) =

8
>><

>>:

� u2
tol l

0
(t)

u(t) ; if u(t) 6= 0:

Md(> 0); if u(t) = 0:
(5.12)

The second admittance parameterbd(t) can be derived from (Equation 5.9b) and (Equa-

tion 5.10).

b�
d(t) =

8
>><

>>:

�

�
l (t)+ �l

0
(t)

�
u2

tol

u(t) ; if u(t) 6= 0 andbd(t) � 0:

Bd(� 0); if u(t) = 0 orbd(t) < 0:
(5.13)

The third admittance parameterkd(t) can be derived from (Equation 5.9a) and (Equa-
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tion 5.10).

k�
d(t) =

8
>><

>>:

�
xre f (t)� xd(t)

x2
tol

� �l (t)
�

u2
tol

u(t) ; if u(t) 6= 0 andkd(t) � 0:

Kd(� 0); if u(t) = 0 orkd(t) < 0:
(5.14)

Given the constraint thatmd(t) 2 R> 0, it is necessary, from (Equation 5.10), that the

following constraint be met.

sgn
�

l
0
(t)

�
= � sgn(u(t)) (5.15)

5.3 IMPLEMENTATION APPROACH FOR A 1-DoF HAPTIC DEVICE

5.3.1 ChoiceandEstimationof LagrangeMultipliers

With regards to the costate variables, steady-state solutions in (Equation 5.9a-b) are most

desirable, but given the constraint in (Equation 5.15), we know that one is only possible for

(Equation 5.9a). Therefore, one possibility is to choose a constantl (t) consistent with the

no-control-input case. In addition, Ikeuraet al. [83] have demonstrated experimentally that

the desired virtual stiffness parameter can be negligible, especially since its in�uence is the

largest among the admittance characteristics in a human-robot cooperative task [114]. This

leads us to our next assumption.

Assumption 3(kd - l relationship): The �rst costate variablel (t) is assumed to be con-

stant, set to zero, and the stiffness parameter kd(t) is negligible.

l (t) = L = 0

kd(t) = 0

From applying (Assumption 3) to (Equation 5.9b), the result is a homogeneous �rst-

order linear differential equation, whose solution is of the general form given in (Equa-
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tion 5.16).

l
0
(t) = e

R bd(t)
md(t) dt

�
�

Z
e

R
�

bd(t)
md(t) dt

l (t)dt + l
0
(0)

�
= l

0
(0) e

R bd(t)
md(t) dt

(5.16)

Sincebd(t) andmd(t) are needed to determinel
0
(t), it is necessary to have recourse to

an estimation approach, in order to avoid algebraic loop errors. We propose in this research

a choice ofl
0
(t), when its estimation is needed, such that

l
0
(t) = � sgn(u(t)) L

0
(5.17)

wheref L
0
= jl

0
(t)jg 2 R+ is a positive, constant and tunable parameter. Hence the pro-

posed variable admittance control considers two options (foru(t) 6= 0):

1) a”constant-mass”variable (cmVar) admittance approach:

md(t) = md, bd(t) =

�
�
�
�

�l
0
(t) u2

tol
u(t)

�
�
�
� , kd(t) = 0, l (t) = 0, l

0
(t) = � md u(t)

u2
tol

2) a”variable-mass”variable (vmVar) admittance approach:

md(t) =

�
�
�
�

u2
tol l

0
(t)

u(t)

�
�
�
� , bd(t) =

�
�
�
�

�l
0
(t) u2

tol
u(t)

�
�
�
� , kd(t) = 0, l (t) = 0, l

0
(t) = � sgn(u(t)) L

0

The proposed analytical derivation of variable admittance parameters is summarized in

Figure 5.2 below.

Implementation of the algorithm in the 1-DoF case is presented in Appendix D, for a

single timestepi 2 N, wheret = iDt andDt is the sampling period.

5.4 SIMULATION

A MATLAB/Simulink model was developed in order to test the proposed variable admit-

tance approach and is displayed in Figure 5.3.

The model is capable of characterizing operator control law, intuitively assumed here
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Figure 5.2: Flow Diagram Summary of the Variable Admittance Control Approach
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Figure 5.3: Flow Diagram of MATLAB/Simulink Environment.

to be as shown in (Equation 5.18).

fo(t) = Kpo

�
xre f (t) � x(t)

�
+ Kvo

�
�xre f (t) � �x(t)

�
(5.18)

with Kpo = 6� 104 N/m andKvo = 240 N s/m. The operator dynamic parameters are set to

be constant:mo = 11:6 kg,bo = 17:26 N s/m, andko = 243:4 N/m, as obtained from [119].

The device dynamic parameters used are:mh = 78:1 kg, bh = 325:6 N s/m, andkh = 5:2

N/m. The interface forcefm(t) can be modeled using (Equation 5.19)

fm(t) = fo(t) � ( fo(t) � fm(t))

= fo(t) � moẍ(t) � bo �x(t) � kox(t)

= Kpo

�
xre f (t) � x(t)

�
+ Kvo

�
�xre f (t) � �x(t)

�

� moẍ(t) � bo �x(t) � kox(t)

(5.19)

For the position controller, (Equation 5.20) describes the control law

fh(t) = Gain V(t)

fh(t) = Kph (xd(t) � x(t)) + Kvh ( �xd(t) � �x(t))

+ mhẍ(t) + bh �x(t) + khx(t)

� mdẍ(t) � bd �x(t) � kdx(t)

(5.20)

with Kph = 9445:12 N/m andKvh = 152:2272 N s/m.
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5.4.1 Of�ine Trackingof SubjectData

A training dataset was obtained from nine (9) healthy subjects (3 females, all right-handed,

age range 19 - 31, Georgia Tech IRB protocol H15272) interacting with the 1-DoF haptic

device setup, shown in Figure 2.2 and described in chapter 2. The subjects were instructed

to move the device freely, according to a randomly intended motion pro�le, while no con-

trol was applied to the device. Kinematic and kinetic data were acquired during the motion.

Here,xre f (t) is the reference (i.e, intended, therefore measured) motion pro�le, while

u(t) = fm(t) is the measured force and simulation control input; the”Operator (Hidden)

Dynamics”block shown in Figure 5.3 was therefore bypassed. A simulation run produces

a desired trajectoryxd(t) from the proposed variable admittance control approach, by only

using the system inputu(t). For each subject, a number of 200 optimization simulations

(using MATLAB's “surrogateopt” global optimizer) were run for each of the two afore-

mentioned options to determine 1) the bestmd for thecmVarvariable admittance approach,

or 2) the bestL
0

for the vmVar variable admittance approach. Here,utol = 100 N and

xtol = 0:61 m.

Two performance criteria were computed at the end of each simulation: 1) the cost

function valueQ, from (Equation 5.6), which was used to �nd the optimal solution in the

optimization runs, and 2) the tracking accuracy or goodness of �t, %f it , of xd(t) with

respect toxre f (t), as shown in (Equation 5.21)

%f it = 100
�
1� RMSE(xre f ;xd)

�
% (5.21)

where

RMSE(xre f ;xd) =
kxre f � xdk

kxre f � x̄re fk
(5.22)

andjj is the 2-norm of a vector, ¯xre f is the mean ofxre f averaged over the total number of

samples for a given simulation run.
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Results from thevmVarvariable admittance approach are presented in Table 5.1, with

N/A values corresponding to tracking accuracy values falling outside of the 0 - 100% range.

Table 5.1: Simulation tracking performance (measured by cost functionQ, and tracking ac-
curacy %f it ) of a proposedvariable� mass(vmVar) variable admittance control approach
for nine (9) subjects. High performance corresponds to lowQ and high %f it . N/A values
correspond to tracking accuracy values falling outside of the 0 - 100% range.

Q cost %�t L
0
(s2=m) simulation time (s)

Subject 1 1.29 31.4% 0.17 99.77
Subject 2 3.41 59.7% 0.11 96.41
Subject 3 16.87 N/A 1 115.94
Subject 4 4.37 74.5% 0.072 98.77
Subject 5 3.18 48.0% 0.079 113.93
Subject 6 15.61 N/A 0.41 108.84
Subject 7 2.37 N/A 0.25 111.07
Subject 8 2.07 89.5% 0.45 101.14
Subject 9 2.01 77.6% 0.17 102.11

Averaged data 5.70� 6.06 63.45� 21.36% 0.30� 0.29 105.33� 7.19

ThecmVarvariable admittance approach yielded no reportable (i.e., N/A) results: track-

ing accuracy values fell outside of 0 - 100% range andQ values were very large (greater

than 1030).

5.5 ONLINE EXPERIMENTAL VALIDATION: METHODS

Eleven (11) healthy subjects (2 females, 2 left-handed with one (1) subject using the left

arm to operate device, age range 20 - 36, Georgia Tech IRB H20162) were tasked to interact

with the 1-DoF haptic device setup, described in chapter 2 and shown in Figure 5.4, with a

32 lbs (s 14.5 kg) payload.

For position control, a stochastic linear quadratic regulator (SLQR) [47] that accounts

for random variation of system parameters was used at all times. The system output is a

command voltageV (range� 10 V) that controls a DC motor (torque or current control

mode, gainKm = 31.4 N/V) generating the haptic forcefh, described by the control law

shown in (Equation 5.23), whereL1 = 18.08 V/m andL2 = 0.303 V s/m.
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Figure 5.4: Validation experiment using 1-DoF haptic device loaded with 32 lbs weight.
The right-side �gure shows an example of a trajectory tracking experiment.

fh(t) = Km V(t)

= Km(L1 (xd(t) � x(t)) + L2 ( �xd(t) � �x(t)))
(5.23)

Two types of experiments were conducted, as described in chapter 2: 1) a target track-

ing (TT) experiment (see Figure 2.3) performed with cognitive commands (i.e., RELAX,

MOVE, HOLD) displayed on the monitor screen and with three (3) precision levels (1mm,

5mm, and 9mm), 2) a trajectory tracking (WT) experiment (see Figure 2.4) with a sine

wave used as the reference trajectory. Kinematic and kinetic data were acquired in Lab-

VIEW software at 1kHz sampling rate, while the control loops (i.e., admittance control,

position control, etc.) were set at 250 Hz sampling rate. Data logging, however, occurred

at a variable machine sampling rate, leading to a resampling, during of�ine data analysis,

of the recorded dataset using the mean sampling rate observed in each subject's dataset

(108.2� 0.31 Hz mean sampling rate).

The device was loaded with the weight for all experiments. In addition, different con-

trol efforts (i.e., how much force the operator applied on the device) were used for each

experiment type, in order to normalize the effort produced by the operator for all trials.
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The control effort,e, is the ratio of the forcefm(t) measured by the haptic device through

its force sensor, to the control inputu(t) that is fed to the admittance controller, as described

in (Equation 5.24).

u(t) =
100fm(t)

e
(5.24)

For each type of experiment, the subjects performed a training trial with the loaded

device (ate = 100% effort) so as to get familiar with the task. After the training trials, single

trials were conducted according to randomly generated combinations of two categories of

experimental conditions:

1) Admittance Controller Type

- Fixed Admittance Controller (Const): (e = 100%)

md = 0.033 kg, bd = 3 N s/m, kd = 0.1 N/m

- Constant-Mass Variable Admittance Controller (cmVar): (e = 0.1%)

md = 200 kg, bd(t) =

�
�
�
�

�l
0
(t) u2

tol
u(t)

�
�
�
� , kd(t) = 0, l (t) = 0, l

0
(t) = � md u(t)

u2
tol

- Variable-Mass Variable Admittance Controller (vmVar): (e = 0.1%)

md(t) =

�
�
�
�

u2
tol l

0
(t)

u(t)

�
�
�
� , bd(t) =

�
�
�
�

�l
0
(t) u2

tol
u(t)

�
�
�
� , kd(t) = 0, l (t) = 0, L

0
= 200s2=m

2) Experiment Types

- Target Tracking (TT) trials: 1mm, 5mm, 9mm precision requirements

- Wave Tracking (WT) trials

TT trials lasted for different durations, depending on the performance of the subject,

whereas WT trials lasted for 100 s. Stability bounds and performance results are pre-

sented in the next section. For both TT and WT trials, evaluating performance consisted

of computing 1) theQ cost value according to (Equation 5.6), 2) the %f it values calcu-

lated according to (Equation 5.21) between the target position (for TT trials) or reference

trajectory (WT trials)xre f and the command (desired) positionxd produced by the admit-
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tance controller. In addition, the length of the trials was used as a third performance metric,

exclusively for the TT trials.

5.6 ONLINE EXPERIMENTAL VALIDATION: RESULTS

5.6.1 StabilityAnalysisof VariableAdmittanceControlApproach

The uncoupled stability of the 1-DoF haptic device shown in Figure 5.4 was investigated for

the two types of variable admittance control,cmVarandvmVar, by varying combinations of

the control efforte (in both control approaches) and ofmd (for cmVaronly) or L
0
(for vm-

Var only), respectively. Setting the unloaded device at a �xed position (e.g.,xre f = 0.3 m),

oscillations of the device were captured by measuring the maximum root-mean-squared er-

ror (RMSE). Figure 5.5 and Figure 5.6 display the stability bounds of the unloaded system,

under thecmVarand thevmVaradmittance control schemes, respectively.

Figure 5.5: Uncoupled stability bounds of an unloaded 1-DoF haptic device under
”constant-mass” (cmVar) variable admittance control. Larger oscillations (i.e., red color,
higher RMSE) occur as either the % control effort,e, or the desired mass,md, decreases.

Based on these results, with a control effort set ate = 0.1%, the choice ofmd = 200 kg
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Figure 5.6: Uncoupled stability bounds of an unloaded 1-DoF haptic device under
”variable-mass” (vmVar) variable admittance control. Larger oscillations (i.e., red color,
higher RMSE) occur as either the % control effort,e, or the Lagrange constant,L

0
, de-

creases.

was made for online experimental trials undercmVarconditions, whereas a choice ofL
0
=

200s2=mwas made forvmVarconditions.

5.6.2 TargetTracking(TT) Trials

Figure 5.7 and Figure 5.8 respectively theQ cost and the %f it results for all subjects and

all trials, with statistically signi�cant (p < 0.05) difference indicated where found.

For nearly all types of experiments (i.e., 1mm TT, 5mm TT, 9mm TT), a decrease in

effort and increase in tracking accuracy (increase in mean accuracy of 9.24� 1.73% forcm-

Var, 8.15� 3.65% forvmVar, p < 0.05) was found with statistical signi�cance. The only

exception was betweenConstandvmVar in the 9mm TT trials. Overall, no statistically

signi�cant difference was found betweencmVar andvmVar variable admittance control

approach. The results indicate that the variable admittance approach provides a better (i.e.,

higher) tracking performance of the human's intended motion than the �xed admittance ap-
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