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An Adaptive Automated Robotic Task-Practice
System for Rehabilitation of Arm Functions

After Stroke
Younggeun Choi, Student Member, IEEE, James Gordon, Duckho Kim, and Nicolas Schweighofer

Abstract—We present a novel robotic task-practice system, i.e.,
adaptive and automatic presentation of tasks (ADAPT), which is
designed to enhance the recovery of upper extremity functions in
patients with stroke. We designed ADAPT in accordance with cur-
rent training guidelines for stroke rehabilitation; ADAPT engages
the patient intensively, actively, and adaptively in a variety of re-
alistic functional tasks that require reaching and manipulation.
A general-purpose robot simulates the dynamics of the functional
tasks and presents these functional tasks to the patient. A novel
tool-changing system enables ADAPT to automatically switch be-
tween the tools corresponding to the functional tasks. The control
architecture of ADAPT is composed of three main components: a
high-level task scheduler, a functional task model, and a low-level
admittance controller. The high-level task scheduler adaptively se-
lects the task to practice and sets the task difficulty based on the
previous performance of the patients. The functional task model
generates desired trajectories based on learned models of task dy-
namics. Tasks dynamics are modeled with receptive field weighted
regression (RFWR), such that the feel of the task tools is accu-
rately modeled, and the task difficulty can be easily adjusted. The
low-level admittance controller, which is also learned with RFWR,
implements the selected task trajectory for robot–patient interac-
tion. The results of a preliminary experiment with a healthy subject
demonstrate the successful operation of ADAPT.

Index Terms—Admittance controller, locally weighted learn-
ing, motor schedule, neurorehabilitation, rehabilitation robotics,
stroke, upper extremity.

I. INTRODUCTION

S TROKE is the leading cause of disability among American
adults. Over 80% of first-time strokes (infarctions only)

involve acute hemiparesis of the upper limb [1]. Because a
substantial number of activities of daily living involve the use of
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the upper extremities [2], rehabilitation of reach and grasp skills
is critical for patients in their attempts to return to a reasonable
quality of life [3].

Recognizing that intensive motor practice is beneficial for
recovery of upper extremity functions [4]–[6], and that cur-
rent medical practice does not adequately allow for the re-
quired training intensity [7], [8], a growing number of inves-
tigators have been developing robotic systems for the rehabil-
itation of upper extremities after stroke. In a number of these
systems, such as the MIT-MANUS [9], the mirror-image mo-
tion enabler robot (MIME) [10], the assisted rehabilitation and
measurement (ARM) guide system [11], and the Bi-Manu-
Track [12], the robot assists the movements of the affected
limb. The MIT-MANUS, in particular, is widely used to retrain
reaching movements and has been extensively tested in clin-
ical trials [13], [14]. These robots can enhance performance
and function in patients poststroke by providing intensive, cost-
effective rehabilitation, e.g., [15] and [16]. Recent developments
include using robots that allow retraining of multiple joints [17],
a new wrist extension for the MIT-MANUS [18], adaptive al-
gorithms that balance robotic assistance and patients’ active
movements [19], and electromyographically (EMG) triggered
robots [20].

Although shown to be effective to some extent, these systems
do not exactly parallel the role of rehabilitation therapists, who
typically expend considerable effort to setup functional tasks
that require a patient to actively engage in challenging reach-
and-grasp practice [21]. Recovery of a variety of functional
tasks constituting activities of daily life (ADL) has been shown
to improve quality of life [22]. To be effective, the tasks should
be meaningful [23]–[25] and should involve the manipulation
of real and functional objects [26], [27].

Both scheduling and the difficulty of each task are also pre-
sumably important for effective rehabilitation. Research in mo-
tor learning has shown that learning is strongly influenced by
the number of trials, as well as by the schedules in which the
multiple tasks are practiced (e.g., random, blocked, or interval-
expanded presentation of tasks) [28]–[30]. Furthermore, chal-
lenging tasks, i.e., tasks that are neither too difficult nor too easy,
are most likely to elicit motor learning [31]–[34]. Challenging
tasks also enhance motivation, which may in turn further en-
hance learning [35]. Because patients’ performance will usually
improve during rehabilitation, and because relearning evolves
at different rates for each task and each subject, the task diffi-
culty needs to be dynamically adjusted to maintain challenge.
Accordingly, we previously showed that an adaptive algorithm,
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Fig. 1. Conceptual design of the ADAPT system. At each trial, the high-level adaptive task scheduler adaptively chooses a task and its difficulty based on
subject’s performance, prior practice records, and rehabilitation therapist’s input. Rehabilitation therapist’s input is not implemented in the current version of
ADAPT. The tool-changing system automatically selects the tool corresponding to the selected task. The low-level admittance controller computes the control
current needed to simulate the desired task dynamics from the functional task model during robot–patient interaction. The control architecture of the ADAPT
controller is implemented on a Linux-operated computer.

which determines both the number of trials and the difficulty
for each task based on learner’s performance, outperforms fixed
random scheduling [28]. Because rehabilitation of arm and hand
function after stroke can be seen as relearning motor skills, we
anticipate that robotic-based rehabilitation will benefit from the
use of such automated adaptive practice schedule and difficulty.

Previous work suggests that effective rehabilitation of upper
extremity functions after stroke should be delivered according to
the following principles: the rehabilitation should be intensive,
task-based, should require active participation, and should be
adaptive in the number of trials and difficulty of each task. Sev-
eral rehabilitation systems have been developed along some, but
not all, of these principles. AutoCite [36], which is a semiauto-
mated (nonrobotic) system that allows patients to engage in the
practice of functional tasks, has been shown to be as effective
as standard constraint-induced (CI) therapy [37]. In AutoCite,
however, the number of tasks cannot be increased easily, task
selection is manual, and task difficulty is not adjusted automat-
ically. A smart training system with a robotic arm [38], [39]
was developed to retrain reaching movements with adaptive dif-
ficulty. This system, however, does not contain automatic task
selection, and is only designed for reaching. The robotic system
ADLER [40] presents multiple functional tasks for activities
of daily living with several artifacts. Although it provides real-
istic functional tasks, ADLER cannot implement adaptive task
schedule, because it does not have an automatic artifact changing
system. Thus, to our knowledge, no system currently engages
the patient intensively, actively, and adaptively in a variety of re-
alistic functional tasks. Notably, no previous systems have been
designed to manipulate task schedule to optimize relearning.

We, thus, propose a new system, known as adaptive and
automatic presentation of tasks (ADAPTs), that automatically
presents functional tasks that require reaching and manipula-
tion, that can accommodate an expanding number of such tasks,
and that allows the implementation of performance-based adap-
tive task scheduling and adaptive modification of task difficulty.
ADAPT simulates the dynamics of daily living functional tasks,
such as opening a doorknob, opening a jar, turning a key, etc.
Like AutoCite, but unlike most other robotic systems, ADAPT
does not move the patients. Instead, it presents tasks adaptively,
such that each patient can perform doable but constantly chal-
lenging tasks. Therefore, the system is designed for patients
with some volitional motor capability of the arm and hand, as
these patients benefit the most from intensive rehabilitation [3].

The primary aims of this paper are to present the design and
the control architecture of ADAPT and to provide preliminary
data with a healthy subject to show the successful operation
of our approach. The utility of ADAPT for rehabilitation with
stroke patients will be tested in future clinical trials. Partial work
with preliminary design of the control architecture for ADAPT
and task modeling was presented in conference proceedings
[41].

II. DESIGN OF ADAPT

A. Intelligent Control Architecture of ADAPT

Fig. 1 presents the overall conceptual design of ADAPT sys-
tem with the control architecture. The high-level adaptive task
scheduler aims to maximize the relearning of multiple func-
tional tasks and balancing learning among tasks in a limited
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Fig. 2. Robot and devices for ADAPT. ADAPT controller program in Linux PC controls the robot via CAN and the tool changer controller via serial communication
(RS-232 C). Tool changer controller controls the master plate pneumatically to lock and unlock a tool equipped with a tool plate. Two kinds of emergency buttons
are present: One is on top of the power box, and the other is in hand of an unaffected arm. Two sensors: The torque sensor is attached between the master plate and
robot’s end-effector, and the encoder is embedded in each module of the robot. (Thick line: signal path; thin solid line: functional blocks; dotted line: highlighted
component.)

training time; at each trial, it selects both the task to practice
within a task bank and the task difficulty based on the patient’s
previous performance, input from the therapist, and constraints
given by the adaptive schedules. The high-level adaptive task
scheduler also sends a command to the tool-changing system
that picks up the tool corresponding to the selected task. The
functional task model generates a desired trajectory to simulate
the dynamics of the task with the difficulty specified by the
high-level adaptive task scheduler. The low-level admittance
controller computes the control current corresponding to the
desired trajectory. The computed control current is then applied
to a general-purpose robot to simulate the task, and the patient
feels the simulated dynamics by reaching and grasping the se-
lected tool. The safety surveillance module continuously mon-
itors the status of the robot and the controllers in the ADAPT
system and provides appropriate actions to minimize any risk
to patients.

B. Robot and Devices

The robot used in ADAPT is a modular and reconfigurable
robot from AMTEC Robotics [42] (see Fig. 2). The current

configuration consists of a 3 degree-of-freedom (DOF) wrist
mounted on a 1-DOF linear actuator. This configuration allows
the system to present the end-effector at different linear vertical
locations and to rotate the end-effector in almost any orientation.
Although it provides less haptic fidelity than backdrivable haptic
devices, our general-purpose robot can generate higher torque,
which is needed for a number of functional tasks (e.g., opening
a jar). The low backdrivability also makes it easier for the robot
to automatically pick up new tools with our tool-changing sys-
tem. Furthermore, due to both the simplified computations of
kinematics and dynamics, and the small workspace compared
with traditional multiple degrees of freedom robotic arms, our
robot provides safe task presentation to patients. Finally, note
that the current configuration can be relatively easily extended
with additional AMTEC linear and angular modules to increase
the number of possible tasks and ranges of motion.

A 6-DOF ATI force/torque (F/T) sensor (MINI SI-580-20)
is attached to the end-effector to measure interaction forces be-
tween the subject and the robot. The tool changer connects a
functional task tool, such as a doorknob, to the F/T sensor. En-
coders in the motor module provide position data of each joint.
A Pentium-4 3.4-Ghz PC with a Linux operating system (SUSE
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Fig. 3. Tool-changing process and different functional task tools in use. Four different grasping tasks with three different functional task tools (doorbell, jar, and
doorknob) are developed. A subject holds the emergency stop button in the hand of an unaffected arm.

10) receives the position data via a controller area network
(CAN) bus, receives the interaction force data via a National
Instrument A/D converter, and sends control commands via the
CAN bus.

Functional task tools such as a doorknob, a screwdriver, a jar,
a faucet, keys, etc. are arranged in a tool rack. After the high-
level adaptive task scheduler chooses a task, the 4-DOF robot
positions each joint so that it can pick up the appropriate tool
in the tool rack. As shown in Fig. 2, the robot’s end-effector is
equipped with a master plate, and each tool is equipped with an
interface plate from ATI Corporation. A pneumatic system en-
sures the locking and unlocking of the tools by a 4/2-way pneu-
matic valve (V5 A-3341-BX1, MEAD Corporation), which is
computer-controlled via RS-232 C, which is a serial communi-
cation. The PC sends a lock command to a 24-Vdc relay circuit,
which sets the direction of the air flow in the pneumatic valve
such that the master plate of the tool changer docks with the tool

plate. After the two plates are docked, the robot repositions to
present the new tool to the subject. In the current version, four
tools are arranged in the rack, and up to six tools can be included.
The tool changing process of these tools in use is demonstrated
in Fig. 3.

The subject is seated on a chair facing the robot with an in-
between table, lays his/her hands on the table, and practices
the tasks simulated by the robot with the more affected upper
limb. As shown in Fig. 3, with different task tools, patients can
practice a variety of different reaching and grasping tasks.

C. Safety

Safety was a crucial issue in the design of ADAPT. From the
initial robot design process, we made special efforts to maximize
operational safety. Our choice of design makes our robot safer
than a traditional multidegrees of freedom robotic arm because
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of the small overall workspace. The linear degree of freedom
is only used for tool positioning and not for task dynamics
simulation. Furthermore, the patient is not strapped to the robot.

For simplicity and safety reasons, we chose functional tasks
that require movements around a single degree of freedom dur-
ing robot–subject interactions. Because many functional tasks
in daily living (such as turning a key or door handle, steering,
opening a jar, turning a water faucet, wrist supination/pronation,
etc.) need only a single rotary degree of freedom, this configu-
ration does not overly restrict the number of tasks. After a task
is setup for presentation to the subject, the magnetic brakes that
are built into the robotic articulations are engaged on the other
3 DOFs during subject–robot interactions. This single degree of
freedom method simplifies kinematics and dynamics computa-
tion; the robot, thus, never falls into the wrist-singular posture,
which can occur in PUMA-like manipulators [43].

Several surveillance routines are implemented to limit the
maximal torque output and cap the maximum velocity of the
linear and rotational motors. Watchdog routines, which contin-
uously check for failure of the position and force sensors, com-
puter crashes, and electrical failures, can automatically freeze
the robot by engaging the magnetic breaks in all degrees of
freedom at any time.

Furthermore, two emergency stop buttons can stop all robot
operation and turn-ON magnetic brakes to disable any movement
of all 4 DOFs of the robot. The main emergency red stop button
of the power box is accessible to the therapist. The patient holds
the second emergency stop button at all times with his/her less-
affected hand (see Figs. 2 and 3).

Finally, to limit possible patient–robot collisions, subjects
are seated with their trunk fastened to the back of the chair by a
seat belt. This seat belt has the additional advantage of limiting
compensatory movements with the trunk.

III. CONTROL OF ADAPT

As described in the conceptual design of ADAPT in Section
II, the control architecture consists of three main components,
high-level adaptive task scheduler, functional task model, and
low-level admittance controller. In this section, we describe the
development of the three components, the methodologies with
supporting theoretical background, and the relationship between
these components.

A. High-level Adaptive Task Scheduler

The high-level adaptive task scheduler has two adaptive com-
ponents: The first determines the task schedules, and the second
sets the difficulty of the task selected at each trial. We review
these two components next.

1) Adaptive task schedules: In learning multiple visuomo-
tor tasks, we previously showed that an adaptive algo-
rithm, which determines the number of trials for each
task based on previous learner’s performance, outper-
formed fixed random scheduling in learning multiple vi-
suomotor tasks [28]. Although a number of other adaptive
task scheduling algorithms can be used in ADAPT, we
use this algorithm in our current high-level adaptive task

scheduler. Briefly, in this algorithm, the probability that
each task is selected in the current session is proportional
to the (normalized) product of the performance measured
in the previous session and the performance measured in
the current training session. See [28] and Section IV for
more details.

2) Adaptive task difficulty: We recently showed in a learning
experiment involving multiple visuomotor tasks that adap-
tive difficulty algorithms outperform fixed difficulty [28].
Although a number of other adaptive task difficulty algo-
rithms can be used in ADAPT, we use this algorithm in
the high-level adaptive task scheduler. Briefly, in this algo-
rithm, the difficulty is updated in order to constantly main-
tain performance around a “challenging point.” See [28]
and Section IV for more details.

B. Functional Task Model

Once the task has been selected, the tool chosen and mounted
on the robot by the tool changer, and the task difficulty deter-
mined, the functional task model generates the desired trajecto-
ries for the selected task and difficulty.

The simplest way for stroke patients to practice functional
tasks would be to practice with real functional task tools such
as a door knob, a jar, etc. The problem with using such pas-
sive tools, however, is that the difficulty of the tools cannot
be adapted to the individual and (presumably) improving pa-
tient’s performance. Here, we present a novel modeling method
for functional tasks such that the feel or difficulty of the task
tools is adjustable. The captured task model is then embedded
as a functional task model in the control architecture to gen-
erate the desired trajectory for the selected task with specified
difficulty. State-dependent nonlinear dynamics (e.g., position-
dependent stiffness or damping) of passive tools can be modeled
by the combination of multiple local linear models [44]. Here,
we formulate the modeling of the functional tasks as locally
weighted regression problem with receptive field weighted re-
gression (RFWR) [45]. RFWR has two main advantages. First,
compared to the method used in [44], it provides a computa-
tionally efficient way of modeling position-dependent dynam-
ics, because it adaptively creates and prunes the local models.
Second, as only few local linear models are created, it allows
good generalization.

Friction is present in all passive tools. Although a variety of
friction models have been proposed [46], the modified Karnopp
model has been shown to be effective for simulating the dynam-
ics of passive tools with a haptic interface [47]. The inherently
nonlinear Karnopp model can be formulated as a linear equation
by expanding the number of state variables [47]. In the remain-
der of this section, we describe 1) how we implemented RFWR
for our purpose; 2) how we used the Karnopp model as local
linear basis functions for RFWR; and 3) how we generated the
desired trajectories for the desired tasks with desired difficulty.

1) Receptive Field Weighted Regression (RFWR): In RFWR,
the regression function values are approximated by a combi-
nation of N individually weighted locally linear models and
normalized by the sum of all weights. Therefore, given a
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Fig. 4. Modified Karnopp model. Cp and Cn are the positive and negative
values of the dynamic friction, bp and bn are the positive and negative values of
the viscous friction, velocity is the relative velocity between two surfaces, and
Dp and Dn are the positive and negative values of the static friction. The width
of shaded area defined by v is where the velocity is considered to be zero.

training data point x, the predicted regression value y is

y =

K∑
k=1

wkyk

K∑
k=1

wk

yk = xT b + b0,k = �xT βk , �x = (xT , 1)T (1)

where yk is the individual prediction from each local linear
model (each has a receptive field), βk is the local linear model
parameter, and the weights wk corresponds to the activation
strength of each receptive field. The weights are determined
from the size and shape of each receptive field, characterized by
a Gaussian kernel function, as commonly used in RFWR

wk = exp
(
−1

2
(xdep − ck )T Dk (xdep − ck )

)
(2)

where Dk is a positive definite distance matrix, xdep is the state
variable for the dependency of local models (e.g., position), and
ck is the center of kth linear model in the dimension of xdep .
The state variable xdep is made of one or several elements of
the input vector x in (1). For example, if xdep is an angle, then
the local model yk for RFWR is created or pruned in terms of
angle space. While learning with RFWR, the parameter βk is
updated for each local linear model, and the distance matrix
Dk is updated to determine the shape and size of the receptive
field. For each of our 1-DOF task, y is the torque output of the
dynamics model for the current state x (e.g., angle, velocity,
and acceleration). Each yk in (1) is formulated by a modified
Karnopp friction model function, which we now describe.

2) Karnopp Friction Model: Here, we show how we included
the Karnopp model within the RFWR framework to model the
dynamics of any 1-DOF rotary tool with friction.

Fig. 4 depicts the modified Karnopp friction model used in
[47]. The corresponding linear equation for the dynamics of a
1-DOF rotary tool (e.g., doorknob) can be expressed by

τmeasured = τinertia + τfriction + τmisc + ε

= Itool × acc + Cp sgn(velp) + bpvelp

+ Cn sgn(veln ) + bnveln + τmisc + ε (3)

where Itool is the inertia of the tool, τmeasured is the measured
force, Cp and Cn are the positive and negative values of the
dynamic friction, bp and bn are the positive and negative values
of the viscous friction, acc is the angular acceleration, velp is
the positive value of the angular velocity (if the velocity is not
positive, it is zero), veln is the negative values of the angular
velocity (if the velocity is not negative, it is zero), ε is a noise
factor, and τmisc is other physical properties, such as stiffness
in case of a doorknob. In (3), by adding τmisc , we generalized
the modified Karnopp model to any passive 1-DOF rotary tools.
The vector form corresponding to (3) to be used in (1) is

τmeasured − τinertia

= [sgn(velp) velp sgn(veln ) veln ]




Cp

bp

Cn

bn


+ τmisc + ε

= xβ′ + τmisc + ε

= xβ + ε (4)

where we assumed that τmisc is a linear function of x, the state
vector, and β is a parameter vector that can be formulated as
in (1). If we assume that τmisc is only due to stiffness (e.g., a
doorknob), then the state vector and parameter vector will be

x =
[
sgn(velp) velp sgn(veln ) veln angp angn

]
β = [Cp bp Cn bn Kp Kn ]T (5)

where Kp and Kn are the stiffness values for positive and neg-
ative velocities, and angp and angn are angles. To adjust the
difficulty of a functional task, we can either multiply β by a
difficulty value Diff or, if we want to change only a specific
property for difficulty (e.g., stiffness), we can assume Diff to be
a vector and multiply β element-wise by Diff. Inertia is excluded
from the parameter vector because we assume that inertia is not
state-dependent. Other parameters (Dp,Dn , and v) in Fig. 4 are
obtained empirically, as shown in [47] and [48].

We obtained motion and torque data to train the aforemen-
tioned model with the F/T sensor introduced in Section II and
a magnetic motion sensor (MINI bird, Ascension Technology
Corporation) attached to the passive tool to be modeled. The
tool is attached to the torque sensor, which is positioned not to
move. The subject then manipulates the passive tool, and the
torque and angle data are simultaneously recorded. The details
of obtaining the training data are described in [49].

3) Numerical Integration for Desired Trajectories: After the
model of (1), which uses with the local linear model of (4),
is learned from the training data, the dynamics model for the
functional task tsk, and difficulty Diff can be assumed to be

y(tsk,Diff) =
∑K

k=1 wkyk∑K
k=1 wk

yk = xT bk + b0,k = �xT βkDiff

�x = (xT , 1)T (6)
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Fig. 5. Low-level admittance controller for ADAPT. The controller generates
the desired motion in response to the external force by the subject. The measured
external force is input to the functional task model that defines the dynamics of
the functional tasks. Based on the dynamics of the task, the functional task model
generates the ideal desired motion. Model f1 computes the control current for
the desired motion, and f2 computes the control current to compensate against
the external force. The desired state vector qd and the current state vector q
correspond to (angd , veld , accd ) and (ang, acc, vel) in the text.

where we can assume that β of (4) or (5) (the modified Karnopp
model) is equal to each βk . Then, by inserting (6) into (4), the
desired trajectory can be derived

τmeasured − τinertia = τmeasured − Itoolacc = y(tsk,Diff)

accd = acc =
τmeasured − y(tsk,Diff)

Itool

veld = vel +
τmeasured − y(tsk,Diff)

Itool
∆t

angd = veld∆t (7)

where (ang, acc, vel) is a current state vector, (angd , veld , accd )
is a desired state vector, and ∆t is a sampling time of the robot.
The current state vector is measured by the encoder of the robot
at each time step.

C. Low-level Admittance Controller

The low-level controller (see Fig. 5) receives the desired tra-
jectory from the functional task model. Because our general-
purpose robot has low backdrivability, we used an admittance
control strategy to compute the control signal for the desired
motion response to external force. The control signal is the
motor current and is computed from the outputs of two feed-
forward control modules and a typical potential difference (PD)
feedback controller. The first module is a controller for motion
without interaction force (motion model f1), and the second is
a controller for interaction force without motion (force model
f2). We trained both modules offline with RFWR. Such modular
design of the low-level admittance controller with RFWR has
three main advantages: First, learning the control currents di-
rectly allows accurate control even when, as in our system, the
robot’s dynamics are unknown, and when the control current
is (presumably) not proportional to the motor torque. Second,

compared with a combined controller, our modular controller
simplifies the training of the controllers, because separation of
the force and motion models allows us to train each model with
fewer training data points. Third, the force model can be used
to simulate infinite stiffness or damping, which is needed to
implement a virtual wall or tasks with high friction. The motion
model is trained with a typical sinusoidal excitation with no
human–robot interaction. Training data for the force model are
recorded from the F/T sensor while a subject exerts force on the
tool with the robot immobilized with position control.

We assume the dynamics of our robot to be

τmotor = Irobotaccd + n(angd , veld) − τmeasured (8)

where (angd , veld , accd ) are the desired angles, angular veloc-
ity, and angular acceleration, respectively, τmotor is the control
torque, τmeasured is the external torque measured by F/T sensor,
Irobot is the inertia of the haptic interface, and n(angd , veld)
models possible nonlinear effects. As τmeasured in (8) is the in-
teraction torque exerted by the subject, the other terms in (8)
contribute to τmotor only via motion. Thus, from the dynamics
equation for motion only (with no human–robot interaction), we
assume that the current output function for motion is only given
by the motion model f1 with desired trajectory as an input

τmotor = Irobotaccd + n(angd , veld)

→ curmotion = f(τmotor) = f1(angd , veld , accd).

(9)

Similarly, we assume that the current-output function for in-
teraction is only given by f2 with τmeasured as an input

→ curforce = f2(τmeasured). (10)

From (8)–(10), the real control current to the motor is given
by

curmotor = f1(angd , veld , accd) − f2(τmeasured). (11)

Finally, to drive the errors between the desired motion and
the actual motion to zero, feedback terms are added to (11) as

curmotor = f1(angd , veld , accd) − f2(τmeasured)

+ Kd(veld − vel) + Kp(angd − ang). (12)

The desired trajectory (angd , veld , accd ) is numerically inte-
grated from (7), as described in the previous section.

IV. RESULTS

Here, we first present results for the functional task model for
two tasks, turning and jar closing–opening, and we then show
how these two tasks were simulated by the low-level admittance
controller for varying level of difficulty. We then describe the
current implementation of high-level adaptive task schedule for
three functional tasks: doorknob turning, jar opening–closing,
and doorbell pushing. We, finally, validated the overall ADAPT
system by adaptively presenting these three tasks for a total of
180 trials to a healthy male subject. Some of these results are
also discussed in [41].
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Fig. 6. Doorknob dynamics model. (a) Torque versus angle trajectory of a real doorknob turned and released three times. (b) Training data (dots) and the
doorknob dynamics model (surface) after training by RFWR with the modified Karnopp friction model. Solid lines on the bottom are 15 weight functions given
by (2). (c) Local torque versus velocity relation by the trained model (solid lines) and the training data (dots) around angle = −1.5 rad (−1.55 < angle < −1.45).

Fig. 7. Jar dynamics model. (a) Torque versus angle trajectory of a real jar closed and opened three times. (b) Training data (dots) and the jar dynamics model
(surface) after training by RFWR with the modified Karnopp friction model. Solid lines on the bottoms are 18 weight functions corresponding to (2). (c) Local
torque versus velocity relation by the trained model (solid lines) and the training data (dots) around angle = 0.2 rad (0.19 < angle < 0.21).

Training data to model doorknob turning and jar closing–
opening were obtained as explained in Section III-C. Fig. 6(a)
demonstrates the sample trajectory of turning and releasing a
real doorknob in a torque versus angle plane. One important
aspect of doorknob dynamics is that turning (positive velocity)
movements require more torque than releasing (negative veloc-
ity) movements because of friction: this is clearly shown near
zero velocity in Fig. 6(c). This confirms that the Karnopp model
is well suited for modeling doorknob dynamics. The important
aspect of doorknob dynamics is that both the stiffness and the
friction magnitude are changing with position (angle). For ex-
ample, the slope near −2 rad is larger than the slope near −0.5
rad, and the torque difference between turning and releasing
at angle −2 rad is larger than the difference at −0.5 rad [see
Fig. 6(a)]. Position (angle) dependent local Karnopp models are
thus necessary. We used local Karnopp models with the state
input vector and the parameters of (5) to the RFWR regression
of (3). Fig. 6(b) shows the collected training data, the door-
knob dynamics model built on the training data, and Gaussian
weight functions. The final learned dynamics model contains
15 local Karnopp models, which are combined after learning
with RFWR to generate the model. The combined model cor-
responds to y in (1) and (6), and the weight function is defined
by (2). In Fig. 6(c), the dots represent the collected training data

at angles between −1.55 and −1.45 rad, and the solid lines are
the torque values predicted from the model with inputs of the
velocity range between −10 and 10 rad/s, and at angle −1.5 rad.
As can be seen in the figure, the model has the same shape as
the modified Karnopp model (c.f., Fig. 4), and fits the data very
well.

A sample trajectory and the training data of jar closing–
opening are plotted in Fig. 7(a) and (b), respectively. The jar dy-
namics is almost a pure friction problem, with no stiffness, with
the friction magnitude changing depending on angle (higher
friction with more closing). As shown in Fig. 7(a) and (b), the
jar does not move until the exerted torque exceeds a positive
threshold for jar closing or is less than a negative threshold for
jar opening. Because it was hard for the subject to generate high
velocity for jar closing, too few training data were collected to
obtain reasonable viscosity values [bp and bn in (5)]. We, there-
fore, set these viscosity values to zero. Fig. 7(c) shows that this
assumption is reasonable, as the velocity range of the training
data is narrow. The input state vector of (5) without stiffness
and with zero viscosity is then given by

x = �sgn(velp) velp sgn(veln ) veln�

β = [Cp 0 Cn 0]T . (13)
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Fig. 8. Dynamics models of the doorknob and trajectories simulated by ADAPT for three different difficulty levels. (a) Doorknob dynamics model (surface)
after training by RFWR with the modified Karnopp friction model and the trajectory (dots) simulated by ADAPT during interaction with a subject. The difficulty
of this model is used as a reference. (b) Difficulty was decreased by half and the trajectories simulated by ADAPT during interaction with a subject. (c) Difficulty
was increased by twice and the trajectories simulated by ADAPT during interaction with a subject.

Fig. 9. Dynamics models of the jar and trajectories simulated by ADAPT for three different difficulty levels. (a) Jar dynamics model (surface) after training by
RFWR with the modified Karnopp friction model and the trajectory (dots) simulated by ADAPT during interaction with a subject. The difficulty of this model is
used as a reference. (b) Difficulty was decreased by half and the trajectories simulated by ADAPT during interaction with a subject. (c) Difficulty was increased
by twice and the trajectories simulated by ADAPT during interaction with a subject.

As for the doorknob, we applied the local Karnopp models
with the state input vector and the parameters of (13) to the
RFWR regression of (3). Fig. 7(b) shows the collected training
data, the jar dynamics model built with the training data with
our proposed method, and the 18 weight functions given by
RFWR after training. The local training data and the model at
angle 0.2 rad in the Fig. 7(c) illustrate the exact shape of the
modified Karnopp model with zero viscosity (c.f., Fig. 4). The
good model fit validates the use of the local Karnopp friction
model for the jar as well.

Therefore, the results in Figs. 6(b) and (c) and 7(b) and (c)
clearly show that our novel modeling methodology can be used
to closely predict the dynamics of passive tools with different
physical properties.

Next, we tested 1) the performance of the low-level admit-
tance controller with these two tasks and 2) the feasibility of
the proposed modeling method for adjustment of task difficulty.
Fig. 8 shows results of the robot simulation of the doorknob
task for three levels of difficulty. In Fig. 8(a), the model of
Fig. 6(b) was used. Although some errors are present because
of sensor noise and inherent limitations of our robot due to its
low backdrivability, the trajectory closely follows the learned
model (surface). In Fig. 8(b) and (c), the difficulty was adjusted
by multiplying βk in (6) by a constant, i.e., Diff. The surfaces in

Fig. 8(b) and (c) show the desired model after scaling all terms
of the model with the difficulty Diff = 0.5 and Diff = 2, respec-
tively. High-stiffness simulation, as in Fig. 8(c), showed good
trajectory. As shown in the releasing trajectory of Fig. 8(b), very
low stiffness seems to generate more errors, which we believe
are due to the inherent limitations of our robot. However, the tra-
jectory itself does not deviate much from the model, and the sub-
ject reported good “doorknob feel” in all difficulty conditions.

Fig. 9 shows the robot performance for jar closing–opening
for the three difficulty levels. Although the overall shape of the
trajectory follows the model, the jar-opening trajectory has a rel-
atively higher starting velocity than the trajectory of the training
data in Fig. 7(b), which may be due to our assumption of zero
viscosity parameters in the Karnopp model. Nonetheless, the
subject reported that the feeling of opening a jar with ADAPT
was very similar to opening a jar for real. As shown in Fig. 9(b)
and (c), the simulations with different difficulties successfully
followed the desired model; in both cases, the subject also re-
ported good feeling during jar closing–opening. Therefore, the
low-level admittance controller successfully displayed the two
functional tasks with adaptive difficulties in ADAPT.

Finally, we tested the scheduling properties and overall func-
tionality of ADAPT with the adaptive scheduling of three tasks:
doorknob turning, jar closing–opening, and doorbell pushing.
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Fig. 10. Function of the high-level adaptive task scheduler. (a) Random task schedule of the first practice session with three tasks (jar closing–opening, doorknob
turning, and doorbell pushing) with 30 trials per each task. (b) Task schedule of the second practice session with adaptive number of trials for each task. The more
difficult task (jar closing–opening) was allocated more trials than the others tasks. (c) Difficulty of jar closing–opening and (d) doorknob turning was adapted such
that the performance (angle) remained near the challenging point (reference). (e) Adaptive task difficulty of doorbell pushing in the first training session. In this
case, the performance (force) increased as the difficulty increased.

The doorbell-pushing task was implemented by playing a bell
sound when the pushing force reached a specific threshold in
limited time. The experiment contained two practice sessions,
each consisting of 90 trials and separated by 1 h (in future ther-
apeutic applications of ADAPT, sessions may be separated by
days or weeks). In the first session, we only adjusted the task
difficulty, keeping the number of trials equal for all tasks. In
the second session, we adjusted both difficulty and the number
of trials based on performance. Specifically, in the first practice
session, the three tasks were randomly scheduled, as shown in
Fig. 10(a): Each task was presented 30 times, and the difficulty
for each task was adaptively updated based on performance [see
Fig. 10(c)–(e)]. At each trial, the instructions (ready, go, back,
feedback) were shown sequentially on a computer screen along
with corresponding audio signals. Feedback was displayed as
“failure” or “success.” For the doorknob-turning task, the trial
is a success if the subject turns the doorknob more than a target
angle. For the jar closing–opening task, the trial is a success if
the subject closes the jar lid more than a target angle and opens
it again. For the doorbell-pushing task, the trial is a success if
the pushing force is higher than a threshold value.

Here, we explain how to compute the two adaptive compo-
nents of high-level adaptive task scheduler: the number of trials
for the task schedule and the difficulty of the task at each trial.
The algorithm used to adaptively determine the number of trials
is based on a performance test following training on the pre-
vious session and on a performance test preceding the current

session [28]. We, thus, gave one posttest session of 30 trials (ten
trials per task) immediately after the first training session and,
1 h later, another 30-trial test. The number of trials for each task
in the second practice session is determined with

NumOfTrial(tsk) ∝ PEs,pre(tsk)PEs−1,pos(tsk)∑
i

PEs,pre(tski)PEs−1,pos(tski)
(14)

where PEs,p r e
(tsk) is the performance error for the task tsk in the

pretest session of the second practice session, and PEs−1,p o s
(tsk)

is the performance error for the task tsk in the posttest session
of the first practice session. In this experiment, we assumed that
the performance error is the number of failure trials at the spe-
cific difficulty in the test session. The maximum and minimum
performance errors are 10 and 0, respectively. Thus, the number
of trials for each task is proportional to the multiplication of the
performance errors at the two test sessions. The number of trials
in the second session were 56 for the more difficult jar closing–
opening task, 25 for the doorknob-turning task, and nine for the
easier doorbell-pushing task. Fig. 10(b) illustrates the randomly
distributed schedule with adjusted number of trials for each task.

We now discuss how difficulty is automatically adjusted based
on patient’s performance in high-level adaptive task scheduler.
The difficulty update function is similar to [28] and is given by

Dt(tsk) = Dt−1(tsk)(1 + α(Pt(tsk) − Pref (tsk)) (15)
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where Dt(tsk) is the difficulty for the current trial t and the task
tsk, α is learning rate, Pt(tsk) is the performance, and Pref is the
reference challenging performance. In jar closing–opening [see
Fig. 10(c)] and doorknob turning [see Fig. 10(d)], the perfor-
mance is measured by the range of motion (angle), i.e., how far
the subject turned the knob or the jar in a trial. The performance
in doorbell pushing [see Fig. 10(e)] is measured by the force
exerted on the doorbell. Note that in future work, the reference
challenging performance will be set after pilot testing. Here,
we simply took values close to maximum possible performance
that the subject could exert in the three tasks. Thus, the subject
had to learn how to increase the force exerted in the three tasks.
Here, the difficulty Diff = 1 means that the simulated dynamics
by ADAPT reflects that of the real passive tool. For doorbell
pushing, our subject exerted typical pushing forces of around
15 N, which we used as threshold force for Diff = 1. Note that
the update rate α must be negative for doorbell pushing and
positive for the other two tasks.

Therefore, the trials number functionalities and adaptive diffi-
culty of the high-level adaptive task scheduler were successfully
implemented, and the system did not experience any failure in
the tool changing process for 180 task trials.

V. CONCLUDING REMARKS

A novel robotic task-practice system, i.e., ADAPT, was de-
signed in accordance to training principles for effective rehabili-
tation of upper extremity functions after stroke. Our preliminary
test with a healthy subject demonstrates the operation and vali-
dated the feasibility of the system. Due to our novel functional
task model and low-level admittance controller, the robot pre-
cisely simulated the desired task dynamics of a doorknob and
jar with the difficulties specified by the high-level adaptive task
scheduler. The preliminary experiment further demonstrated the
functionality, robustness, and safety of ADAPT.

At this stage, we have implemented only three uniman-
ual tasks (doorknob turning, jar closing–opening, and doorbell
pushing). Using the current configuration of a 3-DOF wrist
mounted on a 1-DOF linear actuator, we will, in future ver-
sions, develop additional tasks that require active manipulation
of concrete objects (e.g., turning a key or door handle, steering,
turning a water faucet, lifting jugs, etc.) and will allow a larger
number of possible types of grasps (e.g., overhand, precision,
lateral pinch, and power) and individual finger motions. We will
also develop bimanual tasks, as a growing number of studies
have shown the potential of bilateral training on the recovery
of the paretic limb poststroke [50], [51]. Finally, in later ver-
sions, we will add two extra linear modules to allow ADAPT to
present an even larger task repertoire of tasks with greater range
of (notably shoulder) motions.

In the current version, a seat belt is used not only for safety
reasons but to also prevent compensatory trunk movements,
which are known to interfere with recovery of reaching move-
ments [52]. However, even with the belt, patients may still be
able to generate abnormal movements, such as twisting at the
elbow for tasks that require twisting at the wrist or rotating
the back for tasks that require rotation at the shoulder. If fu-

ture testing shows that these types of compensatory movements
are important, we will track shoulder, elbow, and wrist move-
ments with motion-tracking sensors to identify, and then try
to correct by providing feedback, these abnormal movement
patterns.

While the realism of functional task is a crucial factor in
task-oriented training for stroke rehabilitation, training on the
robot should also be motivating. In this respect, our system
can be largely improved. For instance, performing the current
tasks even with adaptive difficulty was not motivating to our
subject. Since all interaction data are recorded; however, it will
be straightforward to provide short-term and long-term perfor-
mance feedback to the subjects to increase motivational levels.

Safety concerns were strongly addressed in the initial design
process of ADAPT, and the subject did not feel threatened from
the robot movement. However, to maximize safety, we need to
perform long-term, intensive, and systematic tests with a greater
number of subjects who are both healthy and with stroke.

The preliminary experiment with a healthy subject does not
validate the efficacy of ADAPT for the rehabilitation of stroke
patients. Therefore, after fully testing ADAPT with healthy sub-
jects, we will begin pilot studies to test the safety and feasibility
of our system with stroke patients. We will then test the efficacy
of ADAPT in phase I clinical trials. We will compare pre- and
posttraining scores on a number of instruments, with a focus
on these measuring arm and hand function, and use, e.g., the
Wolf motor function test [53] and the motor activity log [54].
Furthermore, we will test the possibility of using ADAPT as an
automated tool for measuring arm and hand function in patients
with stroke. In parallel with these clinical trials, we will use
ADAPT to conduct experiments to determine highly effective
adaptive task schedules.
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