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Abstract— In this paper, we present a haptics-based rehabili-
tation system that uses kinematics of a haptic device to monitor
a subject’s participation in therapy. In robot-assisted therapy,
it is crucial to monitor if the patient is actively performing
the rehabilitation task and is not just passively following the
robot’s motions. In this paper, we have used position-tracking
error patterns as a metric for identifying whether the subject
is actively participating in the therapy. Using a single feature
identification scheme, our method demonstrated a real-time
classification accuracy of 80.04% in separating active and
passive participation during a therapy session.

I. INTRODUCTION

Stroke has been identified as the leading cause of disability

in the United States. An estimated 800,000 people suffer

from stroke each year [1]. Even mild motor impairments

can be disabling as they slow down functional activities

such as dressing and walking. These impairments manifest

themselves as inhibitors to the patient’s ability to carry

out activities of daily living (ADL) such as writing, using

cutlery, knife etc. In order to regain functional control via

neuroplasticity, stroke patients participate in rehabilitation

programs.

Current stroke rehabilitation paradigms are primarily

hospital-centric and involve an occupational therapist and a

doctor working in close conjunction with the patient. As the

therapy progresses, a transition in rehabilitation goals from

gross motor skills to fine motor skills is observed [2]. Fine

motor skills are fine movements that require the control of

the smaller muscle groups of the fingers or wrists. Gross

motor skills refer to larger movements that use the muscles

in the arms, legs or torso.

However, owing to the time-consuming and expensive na-

ture of physical therapy aggravated by the disability of stroke

patients to easily travel to the therapy center; patients are sent

home after a few sessions to continue therapy on their own

accord [3]. In such situations, home-based therapy presents

itself as a viable alternative. Incidentally, this form of therapy
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is amiable to the rehabilitation of ADL skills. However, due

to the lack of a human chaperone in home-based therapy,

patients seldom practice the recommended therapy. Recent

years have seen the advent of tele-rehabilitation systems to

address the challenges of home-based therapy [2], [4]. These

tele-rehabilitation systems allow the therapist to remotely

monitor the patient’s progress and suggest required changes

to therapy.

Most tele-rehabilitation systems [5]–[11] allow the ther-

apist or technician to manually adjust the difficulty levels

of the tasks and/or the stiffness of the haptic device. These

manual adaptations are based on off-line analysis of patient

data during post-therapy sessions. The effects of instanta-

neous patient performance and/or mental engagement are

seldom factored into these analyses; which may be inhibitory

to therapy. In addition, while these studies have implemented

technologies aimed at boosting patient engagement, little or

no resources have been allocated towards monitoring these

parameters.

Active mental engagement of the patient toward therapy

is imperative to the success of any rehabilitation paradigm

[4]. In case of conventional hospital-centric therapy, the

therapist ensures patient engagement and motivation; and

enforces the required modifications. The lack of this active

patient-therapist interaction inhibits the efficacy of robotic-

rehabilitation systems over traditional therapy [12]. While

various attempts have been made to study human-robot

engagement in the fields of social robotics [13]–[19] and

robotic-rehabilitation [4], [20], these techniques require sig-

nificant pre-deployment and calibration, which has limited

their efficacy and scalability in different settings.

Peters et al. [14] used eye gaze and head direction in-

formation to evaluate a user’s engagement while interacting

with a virtual agent. Use of facial expressions to quantify

engagement had been explored by [19]. Use of electromyog-

raphy (EMG) is yet another technique for quantifying subject

engagement [20]. Also, recent years have seen the advent

of non-invasive brain computer interfaces (BCI) [21], [22]

to study and quantify the cognitive states of subjects. Use

of BCI to quantify task engagement and mental workload

has been demonstrated by [23]–[26]. While these techniques

have demonstrated efficacy in quantifying user engagement

in human-machine interactions, they may not be feasible in

tele-rehabilitation systems. BCI and EMG sensors need a

considerable amount of time to set up and usually require

the assistance of another person in doing so. Further, stroke

patients might not be receptive to these technologies due to

their cumbersome form factors. Use of cameras for facial
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(a) Case A - Only robot applies force. (b) Case B - Only user applies force. (c) Case C - Shared-control.

Fig. 1: Trajectories generated during the three test cases.

feature recognition may not require any significant pre-

deployment, but these devices involve continuous recording

of the subject; raising privacy concerns, particularly in the

home setting. Auditory feedback systems [27] suffer from

similar challenges.

In this paper, we present a human-robot symbiotic rehabil-

itation system, that identifies subject’s engagement and pro-

vides motivation towards therapy. We use the term symbiotic

to describe our system as it ensures that the human and robot

work together to attain the therapy goals. We exclusively

use joint rates from the proprioceptive sensors of the robot

to identify user engagement/participation. The system does

not require the use of any additional hardware or manual

calibration. Using data-analytics, our system can monitor

whether a user is actively participating in the therapeutic

exercises and adapt accordingly. The robot-assisted therapy

task described in this paper requires the subject to track

reference trajectories by controlling the position of a cursor

on the computer screen using a haptic device. The system has

been designed to imitate a massed practice therapy regime

that benefits from the inherent advantages of implicit therapy

[28]. Implicit learning refers to skill acquisition without

awareness or not directed at a conscious level [28]. For

instance, in the current scenario, implicit learning is incor-

porated by programming the trajectory tracking task into a

handwriting simulation game. Studies have demonstrated the

efficacy of implicit learning paradigms over explicit ones

[29], [30].

Traditionally, position error is used as a metric to evaluate

patient performance - low position error is indicative of

superior performance and vice-versa. We hypothesize, test

and prove that this error may also be used as a real-time

indicator of the subject’s participation in the therapy task.

Consider three cases of straight line tracking tasks between

two points as shown in Fig. 1 performed by a healthy subject.

The user is required to control the position of an on-screen

cursor using the robot’s end-effector to follow the straight

lines between the two points (red circles in the figure).

Case A involves the autonomous operation by the robot;

in case B, the user performs the experiment without any

assistance from the robot; case C is a shared-control scenario

in which the user is assisted by the robot in tracking (haptic

assistance). The blue line in the figure is the straight line

trajectory to be followed, and the black line is the actual

Fig. 2: Experimental setup.

trajectory traversed by the user/robot. It is evident that case

A has the lowest error, followed by case C and case B.

However, in case A, only the robot tracks the trajectory

(without any patient participation) and hence, no patient

recovery of any form will be observed. For rehabilitation,

case B is also undesirable since there is no assistance or

any correcting agent. Shared-control demonstrated by case

C serves as the best approach wherein force applied by the

user is augmented by the robot for any deficit force. While a

therapist can easily differentiate the above cases (autonomous

control, no assistance, shared-control) on the basis of the

position tracking; a robotic system cannot separate these

cases explicitly. Further, the therapist usually analyses the

data in an off-line environment after the therapy session.

This off-line analysis ignores the real-time force-interaction1

of the user with the robot, and may render the therapy

session ineffective. This calls for the development of real-

time algorithms to classify the user responses and to enable

the robot to share the control accordingly. This is the major

contribution of this paper.

The rest of the paper is organized as follows. We describe

the system architecture in the following section. Section III

describes our signal processing and classification regime; our

experimental evaluations and results are discussed in Section

IV and V, respectively. We conclude in Section VI.

1Force-interaction refers to the active or passive participation of the
patient.

433



Fig. 3: Schematic representation of the tracking task.

II. SYSTEM DESCRIPTION

The system comprises of two main components - (1) a

haptic device, and (2) a simulation system (Fig. 2). The

haptic device used in this study is a 6 degrees-of-freedom

(DOF) Geomagic Touch [31]. The device has 6 revolute

joints which include 3 actuated joints and 3 passive joints.

The actuated joints provide force feedback to the user.

While the Geomagic Touch is limited by its force feedback

capability (3.3N saturation), it’s small form factor, lower

cost and 3 dimensional workspace make up for it’s viability

for home-based fine motor skill rehabilitation.

The simulation system is a Writing Simulator game (WS)

(see Fig. 2). The game is developed using the Unity3D

interface and C# programming. The end-effector of the robot

acts as the game controller.

WS involves a trajectory tracking task wherein a symbol

or an alphabet drawn by the therapist on the screen is used

as the reference trajectory for the user to follow. The game

operates in two modes - (1) Free Mode - the haptic device

does not apply any assistive force; and (2) Assistive Mode -

the haptic device assists the user in following the trajectory.

Robot states such as the joint position and velocities and

game data such as cursor position, cursor velocity, position

error, velocity error, elapsed time, and robot joint angles are

measured at a sampling rate of 100 Hz and are used for real-

time data-analytics. The system comprises of two parallel

processes; graphical rendering (sampling rate 100 Hz) and

haptic rendering (sampling rate 1000 Hz). Since the higher

sampling rate of 1000 Hz is not required for evaluation, we

log these states only during the graphical rendering process.

A. Haptic Rendering

The haptic interaction with the simulation environment

(haptic rendering) is modeled as a mass-spring-damper sys-

tem. The robot provides an assistive force as the subject is

playing the game. In other words, the robot assists the user

as they guide the end effector from one point to another.

The assistive force command is generated based on the PID

control law given by,

u(t) = Kpe(t) +Ki

∫ t

0

e(τ)dτ −Kdẋ(t) (1)

where, Kp, Ki and Kd
2 denote the proportional, integral

and derivative gains respectively; e represents the difference

between the desired position (xd) and the actual robot

position (x) at time t (see Fig. 3); and u is the control

input provided to the robot to generate the haptic feedback.

The gains determine the degree of robotic assistance and can

be adjusted based on the subject’s response to therapy. The

derivative gain term (Kd) is set to a small positive value to

simulate the sensation of moving through a lightly viscous

environment.

The control law (1) has been designed to guide the subject

along the trajectory from one point to the next at a predefined

speed (s). The desired position is calculated as follows -

xd(t) = xd(t− 1) + s(t)â (2)

where,

â = (p2 − p1) / ‖p2 − p1‖2 (3)

where, p1 and p2 are the position vectors of the previous and

current point, respectively; xd(t − 1) refers to the desired

position at the previous time-stamp; â is the unit vector

along the line connecting the two targets; and xd(t) serves

as the desired position in (1). The predefined speed (s(t))
is varied to mimic the original velocity profile generated by

the therapist.

B. The Writing Simulator

For our study, we have used the example of handwriting

rehabilitation. To regain writing skills, an agent who can

kinesthetically assist the patient is required. In current reha-

bilitation programs, a therapist acts as the agent by assisting

the patient to regain his or her writing skills. As the patient’s

skills improve, the assistance is relaxed. We have adopted

the same approach for home-based robotic-rehabilitation to

regain a subject’s writing skills.

Evaluation of handwriting patterns of experts reveal con-

sistent force and velocity patterns [32], [33]. Experts tend to

have higher smoothness in their handwritten symbols when

compared to novice subjects (Fig. 4). Thus, to achieve a truly

assistive system, we have programmed WS to assist the user

in position as well as velocity tracking.

To achieve a high fidelity haptic rendering and hence better

haptic assistance, the sampling rates of the simulation system

(SS) and the robot are synchronized by interpolating the

expert data recorded by the SS. The therapist draws a symbol

on the writing interface (Fig. 2) that we have developed

in Unity programing environment. We use a cubic B-spline

interpolation between the sampled points, which are sampled

at a rate of 100 Hz. The B-spline allows for parametrization

of handwriting trajectory required for the interpolation of

data points for the higher sampling rate (1000 Hz) of the

robot. The velocity of the demonstrated writing, (s(t)), is

given by the time derivative of the B-splines.

2The negative Kd term in (1) is obtained by setting the ẋd(t) term to
zero in the derivative law Kd(ẋd(t)− ẋ(t)).
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Fig. 4: Left: Point to point position tracking using the

subject’s non dominant hand, Right: Velocity Tracking. Since

the subject concentrated on tracking each point on the curve

as opposed to the overall trajectory profile, we observed

sharp jumps in the position tracking and the velocity profile.

III. IDENTIFYING SUBJECT PARTICIPATION

During its autonomous operation, the robot tracks the

reference trajectory with relatively small errors in position

(Fig. 1 - Case A). Application of force by the subject induces

disturbances leading to larger deviations from the desired

trajectory, thus magnifying these errors (Fig. 1 - Case C).

We use these deviations as a metric to determine whether

or not the patient is actively participating in therapy. If the

deviations are large, it is identified as a patient force on the

robot. Conversely, smaller deviations are identified as robot-

applied forces without patient participation. A small error-

zone around the reference trajectory is used for identifying

autonomous operation by the robot (no patient force), as the

tracking error by the robot is small but never zero. Anything

outside this error-zone is considered as a user applied force.

In order to determine the error-zone, the variability of

the tracking error of the robot is estimated. The magnitude

of tracking errors are not same across different runs of the

robot. Although their trends tend to be similar (Fig. 5), minor

variations in the position tracking are observed even for same

control parameters. It is also observed that the error tends

to be higher around regions with large curvature (for eg.

sharp corners, black circles in Fig. 5-(b)). As a result, a

varying error-zone is used along the reference trajectory. This

is called the baseline error.

Data-analytics is used to determine whether the patient is

applying force. Dissimilarity between error profiles of robot

and subject is used as the indicator of the user force. The

schematic of our approach is given in Fig. 6. The trajectory

data of tracking by the subject is sampled with an experi-

mentally determined moving time window of size 500 ms. A

500 ms window allows for a balance between computation

time and classification accuracy. A smaller window would

result in faster computation at the expense of classification

accuracy, and vice-versa. Both the baseline and the real-time

data are filtered using an exponential smoothing filter [34].

This reduced the sensitivity of the system to inadvertent hand

(a) (b)

Fig. 5: (a) Position tracking of the robot over two au-

tonomous runs, (b) Curvature (Black) of the reference tra-

jectory and error profiles generated during these runs (Red

and Blue). The regions with high errors (black circles) are

associated with very high curvatures.

motions and also improved overall system performance in

separating cases of active participation from passive ones3.

The data within the window are iteratively compared

with the baseline using the dynamic time warping (DTW)

algorithm [35]. The goal of the DTW algorithm is to perform

a non-linear mapping of one signal on to another by minimiz-

ing the euclidean distance between the two. DTW allows us

to determine the optimal alignment between two time-series

data. If the distance between the data and the chosen baseline

segment is less than a threshold, that would indicate robot-

applied forces. Conversely, a larger value would indicate

patient-applied forces.

An obvious shortcoming of using the above approach is

the case with an ideal subject (who perfectly executes the

trajectories). Such a subject would also be mis-classified as

the robot. While such an ideal subject may perform better

tracking than the robot, this scenario is highly unlikely. In

our experiments, we observed that even for healthy subjects

using their dominant hand, the deviations are large enough

for the system to recognize user-applied force. The robot

exhibited a mean lowest error of 0.029 mm, while healthy

subjects demonstrated a mean lowest error of 0.149 mm.

These observations reaffirm our claim regarding the tracking

limitations of human subjects. We explain these results in

detail in Section IV. On the flip side, intentional large errors

may be interpreted as subject-applied force since the system

has been designed to identify when a subject is applying

force, and not whether the applied force is in the desired

direction.

A. Threshold Determination

The performance of DTW algorithm depends on the

selection of the distance threshold. Fig. 7 shows a cumulative

distribution function (CDF) of the DTW distance across two

3We observed a ˜3% improvement in the classification accuracy when
using exponential smoothing.
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Fig. 6: Schematic representation of our data-analytics based approach.

experimental trials - the red curve represents an autonomous

robot control and the blue curve represents shared-control.

A low threshold (dotted black line) would make the system

very sensitive to noise, classifying most cases as the user-

applied force condition (blue), and a large threshold (dotted

green line) would bias the system towards identifying it

as autonomous operation of the robot (red). Selection of

an intermediate threshold (solid black line) allows for a

well balanced trade-off between these two cases. However,

manual determination of this threshold can be cumbersome

and exhaustive. The therapist may draw a variety of symbols,

and thresholds for each of these symbols need to be uniquely

determined. Storing these thresholds into the database is not a

viable choice, as even for the same symbols, these thresholds

would differ across different trials, subjects and robots. To

overcome this challenge, dynamic threshold determination

which computes the distance threshold for each trajectory is

employed. Further, the patient may prefer a different speed

(slower or faster depending on degree of impairment) than

that defined at the beginning of the session. Use of DTW

ensures robustness to differences in the predefined speed

(s(t)) and the actual speed demonstrated by the patient.

1) Automatic Calibration: Once a hand stroke is drawn

by the therapist, the robot automatically traverses the trajec-

tory twice. The baseline error is recorded during the first-

run. During the second-run, the system computes the DTW

distance for each data point in the stroke. The DTW distance

is calculated between a 500ms window for the second-

run data, and 1000ms for the baseline data. Since DTW

is an expensive operation (O(N2)), comparing the 500ms

window to a 1000ms reduces computation time. This also

ensures more accuracy in the computation of the distance

threshold because a larger window may contain more noise.

nth percentile of DTW values for each window is selected

as the threshold for data belonging to that window. These

thresholds are used for classification.

Fig. 7: Cumulative Distribution Function of distance thresh-

old. Observations to the left of the selected threshold are

classified as robot-applied forces and those to the right are

identified as user-applied forces.

IV. EXPERIMENTAL EVALUATION

The performance of our system is evaluated by conduct-

ing a set of experiments involving the Writing Simulator

(WS) game. The algorithm is implemented in C# and all

computations are done in real-time. Five healthy subjects

(average age of 27.8 years; age range from 24 to 33)

were recruited for a single-session study. All subjects were

right-handed males. The subjects reported no history of any

motor impairments. Each subject played the game under

two conditions - (1) Active Subject Participation (ASP) -

during which the subject applied force along with the robotic

assistance; and (2) Passive Subject Participation (PSP) -

during which the subjects either just held the end-effector

of the robot without applying any force or they completely

let go of it. The Kp, Ki and Kd gains of (1) were chosen as

6.0, 0.01 and 0.06, respectively. These gains were selected

experimentally, as they provided adequate assistance without

causing instability in the system.

As mentioned in Section III, an ideal subject who tracks

the trajectory perfectly will be mis-classified as the robot.
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Fig. 8: Test trajectories used for the case study.

We argue that such an ideal tracking is highly improbable. In

order to quantify the above claim, we extract the mean of the

lowest 1st to 5th percentile error exhibited by the robot and

the subjects across all runs. The lowest mean error exhibited

by the robot was 0.029 mm (range of 0.00 mm to 0.09 mm),

while that for the healthy subjects was 0.149 mm (range of

0.04 mm to 0.26 mm). These observations reaffirm our claim

that even for healthy subjects, it is nearly impossible to obtain

a better tracking than the robot. While it is certainly possible

that some humans might defeat the system; addressing these

issues is beyond the scope of this paper.

The subjects were required to track the trajectories de-

scribed in Fig. 8. The trajectories were first drawn by an

expert (in this case one of the authors). Once the trajectories

are drawn, the robot performs the calibration step, following

which the subjects used their dominant hand to mimic the

trajectory profile. Each trajectory was drawn two times; once

without any human force (PSP) and once with shared-control

(ASP). For the experiment, we use the 80th percentile value

as the threshold criteria.

V. RESULTS AND DISCUSSIONS

We obtained a mean classification accuracy of 80.04%

across all subjects. It should be noted that this is the best

accuracy demonstrated by the system irrespective of the per-

centile value chosen. Increasing or decreasing the percentile

only affects the false positive and false negative rates, with

the over all accuracy remaining around 80%. Choosing the

80th percentile value provided a balance between the false

positive and false negative rates. The system demonstrated a

mean accuracy of 82.92% in identifying the ASP condition

(Class Label - 1) and 77.17% in identifying the PSP case

(Class Label - 0) (see Table. I). It should be noted that in

case of the PSP, the subjects held on to the end-effector of the

robot without applying any forces. The system demonstrated

robustness in identifying and eliminating these pseudo-force

conditions.

TABLE I: Confusion matrix

Class Label 0 (Predicted) 1 (Predicted)
0 (Actual) 77.17% 22.83%
1 (Actual) 17.08% 82.92%

While most robotic-rehabilitation systems involve the ad-

justment of the system gains based subject performance,

distance threshold can be used as an additional tunable

parameter. In the early stages of therapy, the subject would

exhibit weaker motor control and would mostly rely on

the robot for assistance. This condition manifests itself as

high robot gains and a lower distance threshold. A lower

threshold would bias the classification regime toward the

ASP condition (Class Label - 1). Thus even a low force

applied by the patient will be detected by the system. As the

subject progresses in therapy, the threshold can be increased

to motivate the patient to apply more force while maintaining

sufficient tracking accuracy. As a proof of concept, we

implemented a real-time adaptive control algorithm, wherein

the results from the classifier are used to adapt the robot

states. When the robot detected the PSP condition (Class

Label - 0) for ten consecutive 500 ms windows, we displayed

a message urging the subject to apply more force. However,

if no change in the force condition is detected, the robot

came to a halt and did not resume until enough force was

applied. If this pattern continued, the distance threshold

was reduced iteratively until either consistent performance

was observed, or the threshold reached its lower bound.

The system demonstrated a similar classification accuracy

(around 80%) in the online proof of concept scenario.

VI. CONCLUSION AND FUTURE DIRECTIONS

In this paper, we have demonstrated that measurements

by the proprioceptive sensors of a robot can be used as

determinants of patient engagement. Using time-stamped

position error signals as a performance metric, a subject’s

participation (active or passive) in the therapy could be de-

tected. The system operates in real-time and does not require

any pre-deployment or manual calibration. By developing a

novel threshold determination algorithm, we highlight the

robustness and adaptability of our system as a rehabilitation

tool. Using classification results obtained from our algorithm,

we have developed an adaptive control strategy that motivates

active subject participation during therapy. In our experimen-

tal evaluation, the classification algorithm demonstrated a

mean accuracy of 80.04% in separating the active and passive

participation of the subjects.

We are working towards the development of environments

that simulate several ADL tasks. The system was tested with

healthy subjects, and needs to be studied with stroke patients

to obtain a true measure of efficacy and usability. A key

criterion to measure the efficacy of any learning paradigm

is the transfer of learning to perform daily activities. It is

important to study how the patients use the skills gained from

this system in actual practice; as this transfer of learning is

the goal of any therapy regime.
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