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ABSTRACT

Conventional rehabilitation methods are tiresome for the therapists and also inefficient. The

amount of patients a therapist must handle is quite high and the feasible solution for this

is robot aided therapy. In this thesis, improvements for robot aided rehabilitation in three

research areas, namely, parameter estimation of human arm, tele-rehabilitation, and bimanual

rehabilitation are presented.

In most of the studies, the human arm inertia is considered as a system disturbance in re-

habilitation robots. Human limbs are also not modelled as individual anthropometry vary

from patient to patient. The best option is to estimate the arm inertia and gravity torque to

the best accuracy with minimum time. Estimated parameters could be effectively used in

the controller loop to achieve precise motion control. A novel Reaction Torque Observer

(RTOB) based estimation technique which is updated in real-time using learning and recur-

sive algorithms is presented. The applicability of the proposed methods are verified using

a real world hardware system. The accuracy of the estimated parameters suggests that the

proposed methods are suitable for implementation in rehabilitation robots.

Operationality of teleoperated systems can be improved by gravity compensation. This thesis

proposes an online gravity estimation method which could be used in a tele-rehabilitation

system. Gravity torque is estimated and compensated in the system such that the therapist

would feel only the abnormalities of the patient’s arm. Online recursive numerical parameter

estimation method was proposed to be used with the reaction torque observer’s output data.

The proposed method was practically verified with a master slave telerehabilitation system.

This thesis further proposes bimanual rehabilitation robot system for the improvement of

inter-limb coordination. Existing rehabilitation machines which are designed for resistance

training do not follow profile of the human arm torque curve therefore the workout is ineffi-

cient. Ideally, a rehabilitation robot should provide both high impedance and assistance when

the patient is unable to work against the resistance. This thesis proposes a novel impedance

controlled bimanual robot using the reaction torque observer with seamless adjustment of re-

sistance. The proposed controller is tested with two options. Results show the applicability

of the proposed methods.

Keywords: Rehabilitation, Tele-rehabilitation, Bimanual, Sensorless Torque Sensing,

Bilateral Teleoperation, Online Gravity Compensation, Inertia Estimation, AI-based,

Improvement of Transparency
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CHAPTER 1

INTRODUCTION

1.1 Overview

Rehabilitation robotics are becoming increasingly popular due to their effectiveness in physical ther-

apy. This thesis introduces methods for parameter estimation of the human arm, and robot-aided

tele-rehabilitation and bimanual rehabilitation systems for the recovery of elbow.

1.1.1 The Elbow

Understanding of the human anatomy is useful for analyzing the motion of the elbow joint. There are

three bones to aid the motion of the elbow joint. They are humerus, ulna, and radius. Humerus is the

largest bone and only bone in upper arm. The ulna and radius bones of the forearm is connected to

humerus. The ulna with humeres, forms a hinge joint which allow extension and flexion motion.

Range of flexion and extension motion of the elbow is about 150 degrees (Figure 1.1). Hyperextention

can cause 0 - 10 degree range of motion further below the usual anatomical position. Supination and

pronation motion uses the ulna and radius bones of the arm. (Figure 1.2). Supination and pronation

can be 80 - 90 degrees from neutral position. When the hand is in supination position, the maximum

flexion reduces to 90 - 110 degrees.

For the flexion motion, a male can generate about 7kgm average torque whereas a female generates

about 3.5 kgm average elbow torque. In extension motion, the average torque is about 4kgm for male

and 2kgm for female. In supination and pronation motions the average torque generated by a male is

about 800 - 900 gm and for a female its about 350-550 gm [1]. The ratio of segment weight to total

body weight for hand, forearm and upper arm are 0.006, 0.016 and 0.028 [2].

1.1.2 Elbow Disorders

Common elbow disorders that require physical therapy can be mainly categorized into two groups.

Post stroke and post bone fracture. Most of the rehabilitation robotics research has been conducted

in post stroke area and only a little research is conducted in post bone fracture rehabilitation robotics.

This research will focus on both.
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Figure 1.1: Flexion and extension range of motion (Source : American Academy of Or-

thopaedic Surgeons)

Figure 1.2: Supination and pronation motion (Reprinted from the Ground Up Strength

Web site http://www.gustrength.com)

Post stroke

• Reduced Range of Motion

• Spasticity

• Contracture

• Muscle Weakness

Post bone fracture

• Reduced Range of Motion with pain

1.1.2.1 Reduced Range of Motion

Reduced range of motion (ROM) is commonly apparent after bone fracture. After a bone fracture, the

body attempts to repair the damaged bone by sending calcium through blood stream to the site of the
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damaged bone. Reduced range of motion is caused by excess calcium deposit. The excess calcium

deposit sometimes compresses the neighboring nerves and tissues which will be painful.

Also many stroke patients lose range of motion in their joints due to spasticity or disuse. It is important

to perform a daily range of motion exercise program to prevent loss of joint range. It is not uncommon

to have pain after stroke due to spasticity, decreased range of motion, muscle tightness. Limbs can

become contracted if they are not moved and pain will worsen.

1.1.2.2 Spasticity

Spasticity is tight, stiff muscles that make movement difficult or not controllable. Spasticity occurs

in about 30% of stroke patients. A stroke patient with spasticity shows a velocity dependent increase

in tonic stretch reflexes with increased tendon jerks. This is caused by hyperexcitability, which is an

excessive reaction to stimuli. Spasticity mostly affects the elbow (79% of patients). Spasticity can

cause pain, muscle weakness, abnormal posture and involuntary movements which might reduce the

effectiveness of rehabilitation.

There are several scales to asses post stroke spasticity. The generally used two scales are Modified

Ashworth Scale (MAS) and Modified Tardieu Scale (MTS). The MAS measures the resistance torque

to passive movement. It does not take velocity into account, when evaluating spasticity. On the other

hand MTS is based on velocity dependent resistance torque. Here, spasticity is evaluated in three

different velocities. When there is a sudden increase of muscle tone (resistance to passive stretch

during resting state) the corresponding angle is called the “catch” angle [3].

Physical therapy such as stretching or resistance strength training is a crucial treatment for patients

with spasticity.

1.1.2.3 Muscle Contracture

Permanent shortening of muscle and tendon is called muscle contracture. When spasticity is left

untreated muscle contracture can occur. Treatments include passive stretching and surgery.

1.1.2.4 Muscle Weakness

Muscle weakness is one of the main problems after stroke. Muscles can become paralyzed partially

or fully. The normal strength will be lost and sooner or later the muscles will waste.

1.1.3 Rehabilitation Techniques

Recovery from reduced range of motion is an important part of sensorimotor rehabilitation. There are

several rehabilitation techniques used to recover from reduced Range of Motion (ROM) caused by a

stroke or a bone fracture.

Passive Exercises

In passive exercises, the therapist will move the limb along with muscles and joints through a possible

range of motion while the patient does not exert any effort. It has a positive effect on repairing joints

[4]. Patients who undergo passive ROM exercises early in the recovery, benefit from reduced hospital

stay and are able to return to daily activities sooner.
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Active Assisted Exercises

In active assisted ROM exercises, where the patient’s muscles cannot accomplish the complete move-

ment, the therapist will assist as needed. Active assisted ROM exercises are used to improve the elbow

motion as well.

Active Motion

Active ROMexercises rely on themuscles of the patient. The patient performs the exercise by himself,

moving as far as possible in each direction.

Resistance Training

In resistance training the therapist holds the patient’s arm and apply resistance force against the pa-

tient’s arm movement. Resistance training stimulates muscle growth [5].

1.1.4 Rehabilitation Robotics

Studies suggest that early rehabilitation has the benefit of early recovery [6]. However, the therapists’

attention to the patients vary depending on the number of the patients they must handle. Rehabilitation

robots are becoming widespread tools as they help the therapists to reduce their fatigue and give more

attention to patients compared to conventional rehabilitation process. These robots can improve pa-

tients’ motor control better than conventional therapy [7,8]. They also provide greater repeatability of

the motion exercises and also accurate quantifiable data for reviewing patient’s progress [9]. Rehabil-

itation robotics can provide accurate and quantitative measurements to keep track of the improvement

of patient health. This enables the therapist to handle more patients and concentrate more on treatment

plan [10]. Researches mention that 30%-66% stroke patients are able to walk again but unable to re-

cover the functionality of the arm [11]. Although there are expensive multidegree of freedom robots,

in practice, they are not necessarily better than the less expensive rehabilitation robots [12].

Few examples of rehabilitation robotics are as follows.

Hand of Hope

Hand of Hope is an EMG (electromyography) based rehabilitation device for hand rehabilitation (Fig-

ure 1.3). It detects the intention to move the hand using the weak EMG signals. The device then assists

the motion. Interactive games are provided for enhancing the training outcome.

InMotion Arm

InMotion Arm rehabilitation robot is for rehabilitation of upper extremity after stroke or brain injury.

It can sense forces from the patient hand and it can assist the motion as needed. It can also provide

resistance training. Furthermore a set of quantifiable measures are provided to track the improve-

ment. Some of them are arms ability to move against resistance, mean and maximum arm speed, arm

reaching error. The data can be used to discuss the progress with the patient.

The WRIST Device

The WRIST Device is a 3 DOF actuated rehabilitation robot which can support, resist human wrist

4



Figure 1.3: Hand of Hope, EMG based hand rehabilitation device (Reprinted from the Rehab

Robotics Web site www.rehab-robotics.com)

Figure 1.4: InMotion Arm, upper extremity rehabilitation device (Reprinted from the Stroke

Association Web site www.stroke.org.uk)

motion: flexion / extension, pronation / supination, abduction and adduction. Utilizing the WRIST

Device, variety of tasks including stabilizing and eye-hand coordination has been investigated [13].

1.1.5 Tele-rehabilitation

The number of patients a therapist must handle is quite high and the hospitals have long queues. Con-

ventional therapy methods are tiresome for the therapists and ineffective compared to the robot aided

rehabilitation [7,14]. Rehabilitation robots provide high repeatability and provide an accurate assess-

ment of the patient [9]. While there exists rehabilitation robots that can work without any intervention

of the therapist, sometimes it would be better if the patient is assessed by an expert therapist. However

for a patient who is having difficulty to get to a hospital, a therapist would do home visits, but usually,

very basic therapies could be performed at home.

Telerehabilitation is a promising tool for solving the problems highlighted [15]. Telerehabilitation

systems can be used either for remote physiotherapy or even for rehabilitation of a patient who is

visiting the rehabilitation clinic. When a teleoperated system is used for rehabilitation therapist’s

fatigue can be reduced, thus the therapist can handle more effectively. It also reduces the risk of
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Figure 1.5: The WRIST Device (Reprinted from the Lorenzo Masia Personal Web site

http://lorenzomasia.info/)

Figure 1.6: Telerehabilitation system

damaging or hurting the patient if proper torque limits are imposed. Small and quick changes in forces

generated by the elbow can be amplified and perceived by the therapist with ease. The therapist cannot

respond to rapid change of stiffness of the elbow changes when carrying out manual therapy. Torque

limits which can be activated in real time makes both the patient and the therapist confident about the

process.

A complete telerehabilitation system consist of video conferencing, two haptic devices (master and

slave) connected through internet as shown in figure 1.6. The therapist will operate the master device

from the office while the patient will operate the slave device from home.

1.1.6 Bimanual Rehabilitation

Bimanual coordination comprise of many situations the brain controls the both side of the body simul-

taneously to accomplish a task. Coordination between arms is an effortless activity which is done by

everyone in everyday life. However, people who had head or spinal injuries loses motor control and

finds simple day to day tasks extremely difficult to do. Stroke is one of the major causes which results

in long term disabilities [17]. Prolonged rehabilitation is essential for the patient to regain functional

abilities.
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Figure 1.7: Elbow telerehabilitation system [16]

Many day to day activities require inter-limb coordination of arms. Stroke survivors with one sided

paralysis (hemiparesis) find difficulties with daily lives. Loss of functionality in one arm is a signif-

icant since it results in failing to complete the tasks that are relatively effortless to a healthy person.

A patient with hemiparesis finds it difficult to maintain balance when lifting an object with both arms

or unable to drive a car.

Research studies suggest that bimanual rehabilitation therapy has potential benefits in upper limb

recovery [18,19]. Bimanual rehabilitation requires increased brain activity. Symmetrical movements

in bimanual training may activate the unimpaired hemisphere and help the activation of impaired

hemisphere [20]. Therefore it boosts neuroplasticity.

Resistance training is one of the important exercise rehabilitation methods for stroke patients. Stud-

ies with chronic stroke patients recommend resistance training for early and robust enhancement of

muscle function and performance [21]. In another study it has been shown that high intensity resis-

tance training in the non paretic limb induces muscle activation and gains in strength in the untrained
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Figure 1.8: Master manipulator (left) and slave manipulator (right) [16]

limb [22]. In traditional resistance training the patient is asked to hold a dumbbell by his hemiparetic

arm and the therapist will assist as needed. The main disadvantage of this approach is that patient gets

to use the bio-mechanical advantage at a some positions and therefore rehabilitation is not efficient.

Furthermore the maximum torque that elbow can generate vary throughout the range of motion of

the elbow [23]. Several studies suggest that high intensity training does improve both paretic and

nonparetic limbs after stroke [24].

1.2 Problem Statement

Rehabilitation robot and Telerehabilitation systems have a wide range of added benefits compared to

traditional rehabilitation. However previous work in rehabilitation and telerehabilitation robots have

overlooked certain areas that could lead the research work to a complete product. This thesis identifies

and attempt to contribute by solving several present major issues in rehabilitation and telerehabilitation

systems.

A rehabilitation robot is always loaded with unknownweight of the impaired limb. The control system

of the robot can bemade robust if this weight and the inertia is known. Theweight or inertia of a human

limb cannot be calculated precisely. It can change from patient to patient or even for the same patient.

Since the forearm is connected to upper arm, the weight and inertia of the forearm may change with

respect to time or angle of the joint. In this thesis, a novel iteratively estimating method of inertia

and gravity effect of the human arm is presented. The goal is to estimate inertia and gravity effect

during the passive rehabilitation exercises. In other words, the robot is moving the patient arm and the

patient does not apply any external force. System will automatically estimate the parameters. There

is no way to find the weight of the human forearm. But then again it’s easier to find the gravity torque

than finding the inertia. This research uses a set of tools such as Reaction Torque OBserver (RTOB),

ADAptive LInear NEuron (ADALINE) and Recursive Least Squares (RLS) filter aiming to estimate

both inertia and gravity effect. ADALINE is one of the popular ANN (Artificial Neural Network)

methods used for linear system identification. It’s highly useful due to both its simplicity and ability

to be used with online training.

Previous elbow telerehabilitation systems focuses on mechanism design or handling communication

latencies. A little or no research has been focused on enhancing patient safety using modified control
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architectures. Firstly, current systems does not use bilateral control, simultaneous force and position

control is not achieved. Thus it’s not similar to the contact feeling that a patient gets in a conventional

manual therapy.Since they do not achieve simultaneous position / force control for telerehabilitation,

hand weight compensation has not been a necessity. However, when the patient’s device is in position

tracking mode and the therapist’s device is in torque tracking mode hand weight compensation can be

more convenient. A bilateral controlled system will transmit the patient weight effect to the therapist’s

device all the time. In both cases, it will be much more convenient if the therapist does not have to

carry the patient’s arm weight. To the best of author’s knowledge, no telerehabilitation researches has

considered arm weight compensation. Since this research is focusing on bilateral control approach,

arm weight compensation will be useful for increasing operationality of the therapist’s device.

Rehabilitation robots designed for bimanual rehabilitation allow the patient to gain control in the reha-

bilitation process of the hemiparetic using the non paretic arm. This gives the patient extra confidence

and safety. These robots can assist resist patients motion. However, non of them are designed to

improve the patients elbow strength profile similar to healthy person. Therefore the best option is

to program a robot to change impedance according to the elbow angle. Therefore, for successful bi-

manual rehabilitation, it is intuitive to for the bimanual robot system to simultaneously provide high

impedance elbow strength profile when the patient is able to perform the movement and reduce the

impedance when it is absolutely necessary. In this research, a novel bimanual rehabilitation robot is

developed to rehabilitate the elbow in with reference to a human torque profile is presented. Therefore

the generated elbow torque of the patient torque will vary similar to healthy person. When the patient

is unable to provide the resistance torque the robot will reduce the impedance to assist the patient.

Furthermore currently available systems uses separate force sensors and torque sensors which are

sometimes noisy and unable to provide a higher bandwidth. This research uses a sensorless torque

sensing method.

1.3 Objectives

The main objective of this thesis is to design and develop and elbow rehabilitation and telerehabilita-

tion systems using sensorless torque control. withmaster and slave devices which can be used between

a therapist and a patient to assess and rehabilitate the elbow of the patient. Existing control systems

will be redesigned to improve both the safety of the patient and the operationality for the therapist.

The system will be able to perform variety of rehabilitation exercises similar to conventional therapy.

All systems are designed using sensorless torque control method.

Specific objectives are as follows, Human arm inertia and gravity torque estimation

• Online human arm parameter estimation using iterative learning techniques.

• Compare the performance of the methods with a basic method.

Tele-rehabilitation

• Design master slave mechanism for elbow rehabilitation and tele-rehabilitation with safety

features considering maximum torque, velocity, and range of motion of the elbow.

• Implement bilateral teleoperation to provide a real haptic feeling between the patient and the

therapist.
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• Compensate patient arm weight so that the therapist doesn’t have to carry the weight of the

patient arm.

Bimanual Resistance Training

• Bimanual rehabilitation robot control with sensorless torque sensing.

• Provide resistance with reference to a human elbow torque profile.

• Implement fuzzy logic for adaptive resistance reduction and for adjusting the assistive torque.

10



1.4 Limitations and Scope

Scope

• Design tele-rehabilitation based assessment and rehabilitation system for the treatment of elbow

disorders.

• Remove unnecessary fatigue of the therapist.

• Enhance safety of the patient.

• Design bimanual training system with adaptive resistance reduction.

Limitations

• Solving communication latency is a separate research area. This research does not focus on it.

1.5 Thesis Outline

I organize the rest of this dissertation as follows. In Chapter 2, I describe the literature review. In

Chapter 3, I propose my methods. Finally, in Chapter 4, I present the work flow.

11



CHAPTER 2

LITERATURE REVIEW

The literature is separated to three sections where the literature for human arm inertia and gravity

torque estimation is presented first. Then literature on tele-rehabilitation is presented. Finally the

literature for bimanual resistance training system is presented.

2.1 Sensorless Torque Sensing

Sensorless torque sensing provide accurate torque information in real-time. Katsura et al. have pre-

sented robust force control using Reaction Torque Observer (RTOB) to solve instability problems

present with conventional force sensors [25]. Therefore RTOB is used instead of the force sensor.

Disturbance observer is used to attain robust motion control. The RTOB can be used with a high

bandwidth compared to the conventional force sensors. If conventional force sensors are used, they

need to be properly mounted on the robot which would add more weight to the system [26].

Sensorless torque measurement using the DOB or RTOB demands the motor to be current controlled.

The figure 2.1 shows a classical DCmotormodel. When themotor is controlled by a current command,

the generated motor torque can be found by Equation 2.1. It provides the load torque and accelerates

the motor. The load torque consists of external load (Text), interactive torque (Tint), viscous friction

(Bθ̇) and static friction (Fs). Since the proposed system has only one degree of freedom, the interactive

torque is considered zero [27]. Authors also have demonstrated the application of sensorless force

sensing method for a reaching rehabilitation support robot [28].

Tm = ktI
ref
a (Equation 2.1)

The load torque acts as a disturbance to the system. This disturbance torque can be estimated using

a disturbance torque observer as shown in figure 2.2(a). It estimates the disturbance torque based on

current, velocity and parameters ktn and Jn. A reliable estimation of the parameters ktn and Jn must
be obtained by conducting several experiments [29]. Once the parameters are known the disturbance

torque can be estimated.

Figure 2.1: DC motor model
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Figure 2.2: Sensorless torque sensing (a) DOB (b) RTOB

The disturbance is compensated by converting it to the current dimension hence the current is increased

to compensate the disturbance [30].

The reaction torque observer which is extension of the disturbance observer [26], is implemented for

attaining accurate torque sensing for the robot. Frictional elements could be known [31,32] beforehand

and compensated accordingly as shown in Figure 2.2(b).

2.2 HumanArm Inertia and Gravity Torque Estimation

2.2.1 Inertia and Gravity Torque Estimation for Rehabilitation Robots

Some of the examples for exoskeleton based rehabilitation robot works are [33–38]. A few of these

robots were upgraded to feature gravity compensation [39]. Estimating gravity effect of the human

arm is beneficial for stroke patients who doesn’t have the required to strength to lift their arm by them-

selves. If the exoskeleton can compensate the gravity effect for the patient, the patient can continue

rehabilitation exercises which could reduce fatigue, intensify therapy and provide early recovery. A

method to compensate gravity effect of human arm by measuring it as a disturbance was proposed

by [40], Despite the fact that it helps to avoid adjusting controller parameters for each patient, once

the patient starts to apply external force, the gravity torque cannot be separated from the measurement

as it was not estimated. Then its impossible to measure the human torque.

An online adaptive compensation of friction and gravity torque for 7 DOF (Degree Of Freedom)

rehabilitation robot using CAD model data and human anthropometric measurements was proposed

by [39]. However this model requires additional sensors and it does not estimate the gravity torque

of the human arm. In [35] the gravity torque is estimated offline by asking the patient to stay still

and measuring the torque response. Knowing the inertia of the patient arm is also advantageous for

the control system of the rehabilitation robot. Although [41] proposed a method to estimate inertia

offline, the movement is limited to horizontal plane. Hence the effect of gravity is not considered.
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Figure 2.3: ADALINE architecture

Furthermore the inertia of the human arm is assumed constant and has been identified independently.

Some rehabilitation robots require a specific initial movement to adjust the device parameters to pro-

vide optimal performance and control [35]. The problem with this type is that once the user is changed

or dynamic properties change in the user’s limb, the system needs to rerun the initial tests to get the

optimal performance and could be inconvenient sometimes. It would be best if the robot can im-

proves the controller performance online by itself without interrupting the user by learning from the

user activity. Especially during rehabilitation an improvement in the patients limb is expected, and

so is changes in mass and inertia of the affected limb, thus its best if the robot updates the necessary

parameters without interrupting the user.

2.2.2 Parameter Estimation

2.2.2.1 ADALINE

ADALINE has been successfully applied for solving several online parameter estimation problems

such induction motor parameter estimation [42] and permanent magnet synchronous motor (PMSM)

parameter estimation [43]. It’s a simple and efficient, easy to implement artificial neural network. A

single ADALINE is represented in figure 2.3. The output of the neuron is denoted by Equation 2.2.

a = purelin(W Tx+ b) (Equation 2.2)

ADALINE is a linear neuron thus it uses linear transfer function ’purelin’. purelin(a) = a. This
implies that the output is a of weighted sum of the inputs. Hence the ADALINE output ŷk is given
by ŷk = W Tx. Initially the weights are set to zeros or random values and is expected to converge to

optimal weights eventually provided substantial amount of data. When the input vector x and output
a is known, the weight vectorW is updated using a learning rule [44]. The weight vector is updated

based on the data that arrives in the next iteration usingWidrow-Hoff learning algorithm. TheWidrow-

Hoff also known as LMS (Least Mean Square) learning rule or delta rule [44] which optimizes the

weights based on the error function that measures the output performance using the desired output and

the weighted sum of the inputs. The previous weight vector is updated using the Equation 2.3.
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W (k) = W (k − 1) + 2αe(k)x(k) (Equation 2.3)

The error e is denoted by equation (Equation 2.4). The desired signal (d(k)) is the modified RTOB
output(yk).

e(k) = d(k)− a(k) (Equation 2.4)

The learning rate α is selected experimentally. When α is small the network has a better stability,

however the weight convergence becomes slow. When its too high, the weights may never converge.

Therefore a variable learning rate as shown in Equation 2.5 is preferred [42].

α = αi

(
αf

αi

) T
Tmax

(Equation 2.5)

By selecting αi, αf appropriately, both the network stability and a faster convergence can be obtained.

2.2.2.2 Recursive Least Squares

RLS is an adaptive filter which has excellent performance in time varying environments [45]. Recur-

sive least squares finds the coefficients by minimizing a weighted sum of squares, where the weight

factor is λ (0 < λ < 1). The weighting factor is called the forgetting factor and it determines the
influence of the former data and quite useful in time-varying systems. Compared to LMS, RLS is

computationally expensive. However RLS has a faster convergence rate [45]. The only difference is

in the weight update Equation 2.6 where a corrector gain L(k) appear.

In brief the algorithm is represented by equations.

W (k) = W (k − 1) + L(k)e(k) (Equation 2.6)

e(k) = d(k)− xT (k)W (k − 1) (Equation 2.7)

L(k) =
λ−1P (k − 1)u(k)

1 + λ−1xT (k)P (k − 1)x(k)
(Equation 2.8)

P (k) = λ−1P (k − 1)− λ−1L(k)xT (k)P (k − 1) (Equation 2.9)

P (k) can be viewed as the covariance matrix of the parametersW (k). The desired signal d(k) is the
modified RTOB output yk. The initial weight vector W (0) can be selected with human arm anthro-

pometric data. Initial covariance matrix is denoted by equation (Equation 2.10).

P (0) = δI (Equation 2.10)
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Initially the real parameters are not known thus δ is should be set to a very high value. The derivation
of the RLS algorithm can be found in adaptive filtering literature [46].

2.3 Tele-rehabilitation

Tele-rehabilitation researches extends from therapist to single patient to 3 patients. One research

work focuses on providing remote physiotherapy services to three patients in separate area [47]. The

system consists of three one DOF exoskeleton robots which are back-drivable for the use by patients.

The therapist can adjust robot parameters and change training mode from the office. Haptic based

therapy games has implemented however, no haptic feeling between the patient and the therapist is

implemented.

The recent tele-rehabilitation system developed by a research team in Kagawa University can pro-

vide both passive and active training [48]. The system consists of human arm like master device for

therapist’s use and an exoskeleton like slave device for the patient’s use. A a novel force sensing

mechanism and a back drivable mechanism design is proposed. For the patient safety, a torque limiter

based on the slave motor current has been implemented. The system is able to track position of master

and slave devices but the torque is not tracked. Therefore real haptic feeling between the therapist and

the patient has not been implemented.

Another teleassessment system [16] attempts to provide a transparent haptic feeling by tracking the

torque or the position one at a time but not simultaneously. The system consists of a master device

for the therapist’s use and an exoskeleton like slave device for the patient’s use which moves in the

horizontal plane. However the authors have not considered the gravity effect of the robot as the

motion of the robot is limited to the horizontal plane. Although this is a commonly used strategy for

avoiding the disturbance from the gravity, the robots could be more ergonomically designed if they

can handle the disturbance from the gravity. This way, a wide variety of patients without forcing them

to uncomfortable postures.

2.3.1 Bilateral Teleoperation

Bilateral teleoperation is usedwhen it’s required to interact with a remote environment while providing

the operator a haptic feedback. It allows the operator to manipulate remote objects while preserving

same environment conditions of the remote location. A bilateral teleoperated system consist of two

robot manipulators. One is called master, the other is the slave (Figure 2.4). The master robot manip-

ulator is used by the human operator and it provides position and force commands to the slave robot,

while providing force/position feedback from the slave robot. Ohnishi et al. accomplish simultane-

ous position and force transmission by combining them in the acceleration dimension [49]. The two

equations that needs to be satisfied for successful bilateral operation are depicted in Equation 2.11 and

Equation 2.12. Equation 2.11 resembles the position match and the Equation 2.12 resembles the law

of action and reaction.

θm = θs (Equation 2.11)

Tm = −Ts (Equation 2.12)
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Figure 2.4: Bilateral teleoperation [50]

Figure 2.5: Basics of bilateral control [50]

In a bilaterally controlled teleoperation system, when the human applies a force to the master manipu-

lator, the force is sensed by a sensors. The resulting displacement is measured and also transmitted to

the slave manipulator. When the slave manipulator duplicates the displacement, the resulting reaction

force is also sensed using sensors and it is transmitted back to the master manipulator. Since the mas-

ter can be actuated to reflect the reaction force of the slave manipulator, it is called a haptic interface.

With this approach, the human can get a sense of touch of the remote object being manipulated.

Figure 2.5 shows basic bilateral control where the displacement is angular.

2.3.2 Gravity Compensation in Bilateral Teleoperated Systems

Although a bilateral teleoperation system transmits force and position information correctly, it can be

inconvenient when the gravity comes to effect. Thus the operationality of the teleoperated system can

be lesser. Takei et al. have presented [51] a method for compensating the gravity for improvement

of the operationality in bilateral teleoperation. Authors used two dummy robots to find the distur-

bance caused by the gravity. Then the effect of gravity of the master and slave manipulators can be

compensated. However their method is not favorable for telerehabilitation as it requires two extra

robots.

In another research, gravity torque of the grasped object is measured using the DOB [52]. This method

would compensate all the disturbances. However, it is not adaptable for the applications of tele-

rehabilitation since when the patient starts applying a force, it is not possible to differentiate the pa-

tient applied torque from the total disturbance torque. Therefore, a method for identification of exact

patient’s limb gravity torque is necessary.
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2.4 Bimanual Resistance Training

A research team in Simon Fraser University developed a bimanual rehabilitation robot system which

was also clinically tested with chronic unilateral stroke patients [53]. The system consists of master

and slave robot. The patients can control the motion of their impaired limb using the master robot.

2.4.1 Human Elbow Torque Profile

The maximum torque that elbow can generate vary throughout the range of motion of the elbow

[23]. The resistance cannot be varied with the joint angle in traditional rehabilitation. Variable CAM

exercise machines designed to match the human torque profile does not actually match it [54]. Authors

have attempted to motorize a exercise machine to provide resistance training similar to human torque

profile, however it has not been realizable using linear impedance profile [55].

2.4.2 Fuzzy Logic

AI researches incorporate fuzzy and ANN techniques for rehabilitation robots to improve their us-

ability with various patients. The idea of Fuzzy logic is useful tool for handling uncertain informa-

tion [56, 57]. Fuzzy logic and ANN techniques are used in rehabilitation robots for handling uncer-

tainties of the modelling and adjusting controller parameters for different patients. A robot designed

for training the patient arm to draw circles or lines incorporated fuzzy logic to handling the uncer-

tainty of the dynamics modelling due to the presence of the human limb [58]. In another research

ANN techniques has been used for gain scheduling of the controller in order to accomodate various

patients [59].
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CHAPTER 3

METHODOLOGY

The methodology is separated to three sections where the modeling and methods used for human arm

inertia and gravity torque estimation, Tele-rehabilitation using bilateral teleoperation and the bimanual

resistance training system are expressed.

3.1 Overview

Figure 3.1: Overview

3.2 System Design

3.2.1 Mechanical Design

Mechanical design was done using Solidworks 2015. The supports for the forearm and shoulder was

3D printed using da Vinci 1.0 AiO 3D printer. The printer settings used to for high and low density

parts are listed in table 3.1. ABS (Acrylonitrile-Butadiene Styrene) was used. Low density infill was

sufficient for the shoulder support. High density infil was chosen for forearm supports.

Since the machine is to be attached to the patient, the safety is utmost importance. Torque limits,

velocity limits and range of motion limits were implemented to prevent any damage to the patient’s

impaired limb. The mechanical design of the master and slave robots are shown in figure 3.2.

3.2.2 Hardware

The three research areas described in this thesis uses common hardware. The hardware interconnec-

tions are shown in figure 3.3
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Table 3.1: 3D printer parameters

Parameter Value

Infil density (High) 50%

Infil density (Low) 10%

Infil type Honeycomb

Layer height 0.2mm

Support density High

Brim No

Raft Yes

(a) (b)

Figure 3.2: Mechanical design (a) Master robot (b) Slave robot

Figure 3.3: Hardware interconnections
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Figure 3.4: Proposed rehabilitation robot model

3.2.3 Software

In the presented work, RTOS (Real Time Operating System) was used for executing the control loop

with real time priority. The data acquisition loop was given normal priority.

3.3 HumanArm Inertia and Gravity Torque Estimation

3.3.1 Modelling

The main objective of this research is to estimate inertia and gravity torque of the human forearm.

Section 3.3.1.1 describes the use of RTOB to measure the reaction force. Sections 3.3.1.2 and 3.3.1.3

proposes methods to estimate the inertia and gravity using the measured reaction force.

3.3.1.1 Reaction Torque Observer

This section models the proposed system and human forearm inertial and gravity torque components

which will be derived using the RTOB.

The proposed elbow rehabilitation device is a single DOF robot with a PermanentMagnet DC (PMDC)

motor actuator as shown in figure 3.4. When the robot is moving, it is subjected to gravitational,

inertial, frictional, centrifugal and Coriolis forces. Dynamics of the robot explain the relationship of

the parameters. Centrifugal and Coriolis forces could be ignored due to very low speeds involved

in rehabilitation robot. Using Newton-Eular formulation the dynamics can be modeled as shown in

Equation 3.1. Nomenclature is presented in Table 3.2.

Tm = JT θ̈ + Tg +Bθ̇ + Fs (Equation 3.1)

The total inertia of the system (JT ) includes robot inertia, motor inertia and the human arm inertia

as depicted in Equation 3.2. The nominal inertia of the system without the human arm is denoted

by Equation 3.3. The total gravity effect is comprised of human forearm weight and the exoskeleton

weight as denoted by Equation 3.4. The distances to the Center Of Gravity (COG) of the human

forearm and the robot exoskeleton are denoted by rH and rR respectively. Gravitational acceleration
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is assumed as g = 9.81ms−2.

JT = JM + JR + JH (Equation 3.2)

Jn = JM + JR (Equation 3.3)

Tg = mHg cos (θ) rH +mRg cos (θ) rR (Equation 3.4)

The DOB output of the system without the patient hand is denoted by Equation 3.5. The inaccuracies

in nominal inertia and torque constant causes DOB output to contain∆Jθ̈k and∆ktI
ref
a components.

∆J and ∆kt can be reduced near to zero by estimating the inertia and the torque constant using the
experiments defined in [29]. Therefore the Equation 3.5 simplifies to the Equation 3.6.

t̂dis = mRg cos (θ) rR +Bθ̇ + Fs +∆Jθ̈ +∆ktI
ref
a (Equation 3.5)

t̂dis = JH θ̈ + Tg +Bθ̇ + Fs (Equation 3.6)

t̂rec = JH θ̈ + Tg (Equation 3.7)

If the friction forces of the robot are identified by experiments [60, 61] in advance, the RTOB can

extract the pure reaction torque as shown in figure 2.2(b). When the therapist is carrying out passive

ROM exercises on the patient’s elbow using the robot, the patient is not expected to exert any force.

Assuming the human arm joint friction is small and negligible and the patient does not exert any

external force to the robot, the reaction torque can be modeled as (Equation 3.7).

The gravity torque component of the robot is constant for the given robot and is function of the joint

angle. Therefore it can be identified in advance using the CAD model [32, 39] or by experiments

[60,62]. By deducing the gravity torque of the robot’s RTOB output the modified output of RTOB at

kth iteration can be obtained as shown in Equation 3.8.

yk = JH θ̈k +mHg cos (θk) rH (Equation 3.8)

When the system is in operation θ̈k, cos (θk) and the modified RTOB output yk is known. Now

it’s a matter of finding the coefficients of θ̈k and cos (θk). There are various parameter estimation
methods that work online and offline. However if the algorithms require all prior data for each new

iteration, having to store the data could overload the microprocessor memory. Therefore, iterative

online parameter estimation methods which updates the model based on the newly measured data

is appropriate. A learning algorithm such as ADALINE with Widrow-Hoff learning rule [44] or an

adaptive filter such as RLS [63] should be sufficient for the application. Both algorithms were tested

and compared in this paper using the real world hardware system.
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Table 3.2: Nomenclature I

Parameter Description

JT Total inertia of the system

JM Nominal inertia of the motor

JR Nominal inertia of the exoskeleton

JH Inertia of the Human forearm

Jn Nominal inertia of the robot system

J Actual inertia of the robot system

ktn Nominal torque constant

kt Actual torque constant

Irefa Current reference

B Viscous friction coefficient of the robot

FS Static friction of the robot

t̂dis Estimated disturbance torque

t̂rec Estimated reaction torque

gdis Disturbance torque observer gain

grec Reaction torque observer gain

mH Mass of the human arm

mR Mass of the forearm exoskeleton

g gravitational acceleration

rH Distance from motor axis to COG of human forearm

rR Distance from motor axis to COG of forearm exoskeleton

yk Modified RTOB output

ŷk Estimated yk
W Weight vector

x Input vector

a ADALINE Output

d Desired output

e Error

αi Initial learning rate

αf Final learning rate

T Current training time

Tmax Total training time
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Figure 3.5: Online parameter estimation using ADALINE

3.3.1.2 Online parameter estimation

Online estimation inertia and gravity torque of the patient limb is achieved using the online parameter

estimation algorithms described in section 2.2.2.1. In order estimate the inertia and gravity torque, a

single ADALINE with 2 inputs is used as shown in figure 3.5. Here θ̈k , cos (θk) is modeled as the
input vector.

x(k) = [θ̈k cos (θk)]
T

Then the weight vector contains the parameters that needs to be found and is represented as follows,

W = [w1 w2]
T

Where w1 = JH and w2 = mHgrH .

The input and weight vectors for the parameter estimation using RLS are modelled similar to ADA-

LINE network as shown in figure 3.6.

3.3.1.3 Constrained Motion Profile

Another method is introduced for comparison purposes. This method estimates human arm inertia

(JH ) and gravity torque component (mHgrH ) by adding velocity constraints to the motion profile as
shown in figure 3.7a.

During the period ’P2’ the velocity is kept constant, thus θ̈k is zero. Therefore the RTOB output is

purely the gravity torque. Since cos (θk) is known, by rearranging the Equation 3.8, mHgrH can be
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Figure 3.6: Online parameter estimation using RLS based method

found as shown in Equation 3.9.

mHgrH =
yk

cos (θk)
(Equation 3.9)

During the period ’P1’ the system is accelerated. Then JH can be found by rearranging the Equation

3.8 and using the previous estimate ofmHgrH .

JH =
yk −mHg cos (θk) rH

θ̈k
(Equation 3.10)

These calculations are performed at sample rate over the specified periods and the results are averaged

to obtain a reliable estimate.

3.4 Tele-rehabilitation

The proposed master slave system with bilateral teleoperation is shown in Figure 3.8. The master

robot is used by the therapist and the patient will place the impaired limb on the slave robot. The

dynamic forces acting on both sides of the manipulator is shown in Figure 1. Notation is detailed in the

nomenclature presented in Table 3.3. The subscripts m and s represents master and slave respectively.

If the total load is considered as a disturbance, the disturbance forces of each robot are shown in the

Figure 3.8.

Tm = Tgm − Ttherapist +∆Jmθ̈ −∆ktI
ref
m (Equation 3.11)

Ts = Tpatient + Tgs + TgH + JH +∆Jsθ̈ −∆ktI
ref
s (Equation 3.12)

Tgs = msgrscos(θ) (Equation 3.13)

Tgm = mmgrmcos(θ) (Equation 3.14)

TgH = mHgrHcos(θ) (Equation 3.15)
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(a)

(b)

Figure 3.7: Constrained motion profile (a) Constrained motion - velocity (b) Resultant

angular displacement

Figure 3.8: Master - slave telerehabilitation robots
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Table 3.3: Nomenclature II

Parameter Description

J Nominal inertia of the manipulator

JH Inertia of the Human forearm

ktn Nominal torque constant

kt Actual torque constant

Iref Current reference of the motor

B Viscous friction coefficient of the master robot

Fs Static friction of the robot

Tg Gravity torque of the robot

TgH Gravity torque of the human arm

θ Angle of the robot with respect to horizontal

d Angle drift

t̂dis Estimated disturbance torque

t̂rec Estimated reaction torque

gdis Disturbance torque observer gain

grec Reaction torque observer gain

mH Mass of the human arm

m Mass of the manipulator

g gravitational acceleration

rH Distance from motor axis to COG of human forearm

r Distance from motor axis to COG of the manipulator

P Proportional gain

D Derivative gain

Cf Force servoing

yk Modified RTOB output

ŷk Estimated yk
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The effect of the parameter differences∆Jmθ̈,∆ktI
ref
m ,∆Jsθ̈ and∆ktI

ref
s can be made near to zero

by experiments of finding the inertia and torque constant [29]. The respective reaction torque observer

outputs of the master and slave robots are shown in Equation 3.11 and Equation 3.12.

3.4.1 Conventional Bilateral Teleoperation

The control block diagram of an acceleration based bilateral controller is shown in Figure 3.9. When

the patient places his hand on the slave manipulator, the total torque perceived by the therapist is

shown in (Equation 3.16). In passive range of motion exercises, the patient do not apply a force. The

therapist will move the arm throughout the possible range of motion of the patient. Therefore Tpatient

can be assumed zero. With conventional bilateral control, the therapist has to provide enough torque

to lift the patient arm weight similar to traditional rehabilitation methods. Furthermore the therapist

has to carry the weight of the mechanical system if not compensated as detailed in (Equation 3.16).

Ttherapist = TgH + Tgm + Tgs + JH θ̈ + Tpatient (Equation 3.16)

The gravity torque specified in Equation 3.13 is correct only if the COG of the load is in line to

the robot axis angle θ. Different human arms are having different weights and weight distribution
changes person to person. Therefore the COG drifts from person to person. Then the gravity torque

of the human limb should be modelled with the unknown COG drift d as modelled in Equation 3.17.

TgH = mHgrHcos(θ + d) (Equation 3.17)

3.4.2 Dynamic Gravity Estimator

The reaction torques of the master and the slave robots are measured by the respective RTOB should

be equal and opposite as for the Newton’s law. For the estimation of the gravity effect the slave RTOB

is used.

Ts = JH θ̈s + TgH + Tgm + Tgs (Equation 3.18)

The gravity torque of the mechanical parts of the master and slave robots can be identified using

CAD model [39] and were removed from the RTOB output. The proposed gravity estimation method

outputs the gravity torque error. Therefore the CAD model errors could also be compensated in the

computation. The slave torque response as depicted in (Equation 3.18) could be represented for the

kth iteration as (Equation 3.19). Human arm inertia which is added to the system is represented by P .
Q represents the total gravity torque. However, the gravity torque of the human arm dominates theQ.
The inertial torque the human arm can generate during rehabilitation exercises is less than 5% of the

total torque. Then it is prone to noise and leads to inaccuracies in estimating inertia. Therefore, the

inertial term is neglected and the equation is simplified as in Equation 3.20. The parameters Q and d

are iteratively tested with a trial and error approach to minimize the RMSE (Root Mean Square Error)

for each trial.

The Equation 3.19 is rearranged to find gravity torque at each trials i as shown in (Equation 3.21).
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Figure 3.9: Acceleration based bilateral teleoperation controller
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Figure 3.10: Dynamic gravity estimator
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Figure 3.11: Parameter estimation method

A small set of xk, yk (k = 1, 2..n) data is collected for the estimation process. For an bounded di
(i = 1, 2..m) value, the value of Q is found in each k as shown in (Equation 3.21). Then the mean

value of Q is found as shown in (Equation 3.22). Using Qi estimate of yk, (ŷk) is found for each k as
shown in (Equation 3.23). Then RMSE for the set of data can be found as shown in (Equation 3.24).

The process is reiterated by changing di withing the boundary and the corresponding RMSE is found.

The di value that gives the minimum RMSEi is selected as the solution. Estimated gravity torque is

given by Qi. The method is depicted in figure 4.10.

yk = Pẍk +Qcos(xk + d) (Equation 3.19)

yk = Qcos(xk + d) (Equation 3.20)

Qi,k =
yk

cos(xk + dj)
(Equation 3.21)

Qi =
1

n

n∑
k=0

Qi,k (Equation 3.22)

ŷk = Qicos(xk + dj) (Equation 3.23)

RMSEi =

√√√√ 1

n

n∑
k=0

(yk − ŷk)2 (Equation 3.24)

The estimation process is graphically shown in Figure 3.10. The input u(t) is the angle of the slave

robot.
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Figure 3.12: Bilateral teleoperation with gravity compensation

3.4.3 Dynamic Gravity Compensation

Modified bilateral control diagram with online gravity compensation is shown in Figure 3.12. Once

the gravity is estimated for the first time, it compensated for the gravity following a ramp.

θe = θm − θs (Equation 3.25)

Tm = Tpatient − Tgr (Equation 3.26)

Ts = Tpatient + Tassist − Tgr (Equation 3.27)

Tassist = kpθe (Equation 3.28)

3.5 Bimanual Resistance Training

The proposed system consists of two 1-DOF robots operating as a master-slave system as shown in

figure 3.13. The master manipulator is used by the non paretic arm while the slave manipulator is

used by the hemi paretic arm. The patient can perform resistance exercises with both the non paretic

and the hemi paretic limbs. As one arm may engage more than the other during bimanual resistance

training, the master and the slave devices are controlled in such a way that it helps keep the symmetry

of the both arms. An overview of the control system designed for bimanual training is shown in the
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Table 3.4: Nomenclature III

Parameter Description

Jn Nominal inertia of the robot

J Actual inertia of the robot

Jm Inertia of the master robot

Js Inertia of the slave robot

ktn Nominal torque constant

kt Actual torque constant

Irefs Slave current reference

Irefm Master current reference

B Viscous friction coefficient of the robot

FS Static friction of the robot

t̂dis Estimated disturbance torque

t̂rec Estimated reaction torque

gdis Disturbance torque observer gain

grec Reaction torque observer gain

G(θm) Gravity torque of the master robot

G(θs) Gravity torque of the slave robot

Table 3.5: Elbow joint torque profile polynomials

Motion 4th Order 3rd Order 2nd Order 1st Order Constant

Flexion 0 -11.321 14.688 22.337 65.208

Extension 37.949 - 171.57 219.93 -61.599 68.921

Figure 3.14. Nomenclature is presented in Table 3.4. The human torque profiles for elbow flexion and

extension is curve fitted to 3rd and 4th order polynomials and are shown in Table 3.5. The resulting

torque profiles for the flexion and extension motion are shown in figure 3.15. The following sections

elaborates the DOB, RTOB and Bimanual Position Coordinator (BPC).

The Disturbance OBserver (DOB) which is shown in figure 2.2(a) is implemented on both master and

slave devices to estimate unknown disturbances to the control system. The parameters kT , Jn can be
found experimentally [29]. The estimated unknown disturbances below the cutoff frequency gdis, can
be converted to current dimension and compensated by adding it to the motor current. This in turn

improves robustness of the control system for unknown disturbances [26].

The reaction torque observer is an extension of the DOB used for sensing the reaction torque as shown

in figure 2.2(b). This can be done by identifying the friction and the viscous friction of the manipula-

tors in advance [31,60]. Using the RTOB, a closed loop impedance controller can be implemented to

apply a variable resistance torque throughout the motion.
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Figure 3.13: Bimanual rehabilitation robot model

Figure 3.14: Control block diagram for AANBPC
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Figure 3.15: Elbow torque profile modeled with polyno-

mials

3.5.1 Bimanual Position Coordinator

The task of the Bimanual Position Coordinator (BPC) is to monitor for position differences that might

occur between the non paretic and hemi paretic limbs due to limited strength of the latter. The system

will automatically reduce resistance or assist the patient for completing the bimanual movement. We

present two simple methods which can perform this task.

3.5.1.1 Assist-as-needed

A simple proportional controller (figure 3.18) can be used to control the assistance torque. The assis-

tance torque should change based on patients ability to coordinate his arms. When there is a coordi-

nation error considering the error alone will not suffice as it will not give the patient an opportunity to

attempt to recover from the coordination error. Therefore the duration of the error is also considered

as a significant to decide the assistance torque. The error and the duration of the error, are vague

uncertain quantities as these may different from patient to patient, their condition and ability. In such

scenarios fuzzy logic should be used as it handles uncertain information. General use of fuzzy logic

is depicted in figure 3.16. Thus, adaptive control of the assistance torque is realized using fuzzy logic

to adjust the proportional gain.

Inputs to the fuzzy logic controller is the error and the time duration of the error. The time duration

of the error is calculated as in figure 3.17

3.5.1.2 Strength Level Reduction

The resistance level of the elbow torque profile should be reducedwhen the patient is unable to perform

a coordinated movement. A Fuzzy logic based strength level regulator is implemented to intelligently

reduce the strength level of the elbow strength profile. The inputs for the fuzzy logic regulator is the

position error and the time elapsed since the error level has overcome a specified limit. A Takagi

Sugeno type fuzzy model is selected for efficient execution. The modified bimanual block diagram

for SLRBPC is shown in figure 3.20.
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Figure 3.16: Fuzzy logic expert system

Figure 3.17: Time duration accumulator
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Figure 3.18: Fuzzy logic based assist-as-needed BPC
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Figure 3.19: Fuzzy logic based strength level reduction BPC

Figure 3.20: Control block diagram for SLRBPC
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Figure 3.21: FL membership functions (a) Input 1 (b) Input 2

(c) SLRBPC output (d) AANBPC output

Table 3.6: Fuzzy inference rules for SLRBPC

T\PE L M H

L 0 0 100

M 0 100 100

H 100 200 300

Table 3.7: Fuzzy inference rules for AANBPC

T\PE L M H

L 0 0 5

M 0 5 5

H 5 10 20
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3.5.2 Gravity Torque

Ideally, the patient has to work against the pure resistance torque. However, if the effect of the gravity

is not considered in the design of the control system, the patient has to work against both the resistance

torque and the weight of the rehabilitation robot. We address this issue by estimating the gravity torque

in advance. The gravity torque of the robot can be modelled as a function of the joint angle and it can

be identified using the CAD model [32, 39] as well. It could be also found by experiments [60, 62].

The reaction torque observer was used to identify the gravity torque of the robot. The gravity terms

of master and slave robots are denoted as G(θm) and G(θs) as shown in Figure 3.14.

3.5.3 Validation

The subjects for hardware experiment were students fromAIT.
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CHAPTER 4

EXPERIMENTAL RESULTS

The results are separated to three sections where the experimental results for human arm inertia and

gravity torque estimation, tele-rehabilitation using bilateral teleoperation and the bimanual resistance

training system are expressed.

4.1 HumanArm Inertia and Gravity Torque Estimation

Hardware experiment was carried out using a robot developed for elbow rehabilitation as shown in

figure 4.1. The components are shown in Table 4.1. An actuator capable of providing a peak torque of

13 Nmwas selected to suit the torque requirement of carrying out the rehabilitation exercises. In order

to implement RTOB, a motor driver with a 12-bit current loop resolution was chosen. The current loop

bandwidth is less than 2.5 kHz. In order to validate the proposed methods, a dummy weight of 1.85 kg

was attached on the rehabilitation robot from a 15 cm distance to the motor axis. ARMmicroprocessor

based development kit was used as the main controller. The microprocessor is operated at 220 MHz.

Real Time Operating System (RTOS) was employed to execute the control loop with real time priority

at 100 µs cycle time and the data acquisition loop with normal priority approximately per 1 ms using
multithreading.

A PID (Proportional Integral Derivative) position controller was engaged to move the load (forearm)

in a sinusoidal angular displacement. With the output of the PID controller (acceleration), the required

current can be calculated as shown in figure 3.5. Initially the weight vector ofADALINE and RLSwas

set to a random value corresponding to anthropometric data [2]. The recorded angle, acceleration and

RTOB data shown in figure 4.2 was then sequentially fed to ADALINE network and RLS algorithm.

Experimentally chosen parameters for RTOB, ADALINE and RLS are shown in Table 4.2.

4.1.1 Parameter estimation

The real world hardware system is subjected to various disturbances and parameter variations. Due to

high sampling rate, the velocity and the acceleration data contain noises. These are filtered using low

pass filters. The overall performance of the algorithms depends on the correctness of the input data.

A critical data analysis in advance is essential for an optimal estimate.

Table 4.1: Hardware components

Component Part number

Microprocessor STM32F746ZGT6 (ARM Cortex-M7)

Actuator 100 RPM Zheng PMDC gear motor

Motor driver Elmo Cel A10/100
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Figure 4.1: Experimental rehabilitation robot system

Table 4.2: Parameters

Parameter Value

RTOB Jn 0.01

ktn 1.4

B 0.04085

FS 0.3597

grec 10.0

ADALINE αi 0.3

αf 0.0005

RLS λ 0.9998

δ 100000
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(a)

(b)

(c)

(d)

Figure 4.2: Hardware experiment measured data (a) Angle (b) Angular velocity (c) Re-

action torque (d) Angular acceleration
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Table 4.3: Comparison of different methods

Method Inertia (kgm2) %Error Gravity torque (Nm) %Error Samples Settling time (s)

ADALINE 0.046 12.19 2.76 1.47 2500 66.67

RLS 0.039 -7.32 2.76 1.47 1000 26.35

Constrained motion profile - - 2.75 -2.13 - 24.39

Mechanical backlash is an apparent problem especially in geared motors. When the moving direction

changes, the backlash causes the motor to sense no load for a short duration which then changes

the RTOB output undesirably as shown in figure 4.2c. A noise specific to the regions of maximum

acceleration was also observable as shown in figure 4.2d. During the downward motion, the gravity

torque assists the motor to complete the movement. In this period, the motor current is small and the

RTOB measures only a fragment of the total torque that assists to complete movement. Therefore

the data corresponding to these regions are omitted from the dataset. Once the erroneous data was

excluded from the dataset, ADALINE and RLS algorithms provided an estimate close to anticipated

values as shown in figures 4.3, 4.4. The results obtained using constrained motion profile method is

shown in figure 4.5.

The estimated parameters are summarized in Table 4.3. The proposed methods estimated the gravity

torque. However, estimating the inertia was challenging for all methods. In 66.67 seconds settling

time ADALINE network reached the steady state and estimated 0.046 inertia and 2.76 gravity torque

with a maximum percentage error of 12.19%which is quite accurate. In 26.35 seconds, RLS algorithm

reached to a steady state fluctuation of 0.001 in which the maximum percentage error was -7.32%.

JH = 0.039 is an averaged value. Considering stability, ADALINE network was better. Even though
RLS algorithm had a better accuracy and a faster convergence, it was prone to noise. The good

performance of both algorithms suggests that these could be implemented for sensorless human arm

inertia and gravity torque estimation in rehabilitation robots. The Constrained motion profile method

estimated the gravity torque faster than other methods. However since gravity component dominates

the RTOB output and the calculations are performed in two different periods, subtraction of this large

value from the RTOB output often produced a negative result. Therefore this method couldn’t estimate

the inertia.

4.2 Tele-rehabilitation

The experimental telerehabilitation system is shown in Figure 4.6. The hardware components used

for the experiment are shown in Table 4.4. A 200 MHz ARM based microprocessor is used as the

controller. A Real Time Operating System (RTOS) is employed to run the main control loop and

the data acquisition loop. Control loop is given the priority and it is invoked by a ticker in every

100us. Less priority is given to the data acquisition loop which records the data to an SD card. On

average 1000 samples/s were recorded for estimation and for reporting purposes. Therefore gravity

and other parameter estimation was done at the speed of the 1ms sample rate. The actuators are capable

providing a maximum torque of 13 Nm. The selected motor drivers provides currents up to 10A with

a 2.5kHz bandwidth.

The experiments were carried out with a load similar to a human arm weight and two patients P1

and P2 with the robots shown in Figure 4.6. The experiment results with the weight is shown Figure

4.7. In the estimation phase where gravity is not compensated, when the hand is removed from the
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(a)

(b)

(c)

Figure 4.3: Parameter estimation using ADALINE (a) Error (b) Estimated inertia (c)

Estimated gravity torque
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(a)

(b)

(c)

Figure 4.4: Parameter estimation using RLS (a) Error (b) Estimated inertia (c) Esti-

mated gravity torque
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(a)

(b)

Figure 4.5: Parameter estimation with constrained motion profile (a) Estimated inertia

(b) Estimated gravity torque
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Table 4.4: Hardware components

Component Part

Actuators 100 RPM Zheng PMDC Gear Motors

Microcontroller STM32F746ZG

Motor Drivers Elmo Cel A10/100

therapist side the slave is unable to keep the previous position. In the gravity compensated phase the

position stays constant even when the therapist removes hand which proves the effectiveness of the

gravity compensation.

The experiments with patients were carried out by asking them to put their arm in the slave robot and

relax. Patient P1 had a higher body weight. With acceleration based bilateral control the weight of the

patient was felt by the therapist during the passive rehabilitation exercises. With the dynamic gravity

estimation algorithm running in the background, the exact gravity torque of the patient was estimated

and compensated. Once the gravity torque is estimated and compensated, the patient’s arm could be

positioned at any angle. Patient’s side will not fall even if the therapist takes his hand away. Figure 4.8

(a) represents position response of the patient P1 after the gravity compensation is done. Figure 4.8

(b) shows the corresponding torque response. Therapist’s side torque seems to be low as the gravity is

compensated. Patients side response appears to be higher as the slave motor should support the weight

of the patient’s arm. Thus the operationality of the teleoperated system has been increased. The data

for patient P2 is shown in figure 4.9.

The system estimates parameters up to 10s. Once estimated gravity is compensated at t = 10s. Position

responses shows a perfect match. Torque profile justifies the transparency improvement. Therapist’s

work against gravity has significantly reduced. For different patients different torque profile could be

visible at the slave side. However the therapist experiences similar forces irrespective of the patient’s

gravity torque. Figure 4.10 (a) and (b) shows the parameter estimation progress during the estimation

phase of gravity torque and COG drift for the patient 1. All estimations seems to be converged after

6s. However 10s estimation phase was maintained to demonstrate the estimation convergence.
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Figure 4.6: Tele-rehabilitation hardware experiment

47



(a)

(b)

Figure 4.7: Tests with a weight (a) Position response (b) Torque response

4.3 Bimanual Rehabilitation Robot

The experiment was carried out using two robots designed for master-slave operation for rehabilitation

as shown in figure 4.11. Selected hardware is described in Table 4.4. The actuators are capable of

providing a maximum torque of 13 Nm. The program for the microcontroller was multithreaded for

simultaneous operation of control loop and the data acquisition loop using a Real Time Operating

System (RTOS). The control loop cycle time is 100 µs. Data acquisition to SD card is done every
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(a)

(b)

Figure 4.8: Patient trials (a) Position response - P1 (b) Torque response - P1
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(a)

(b)

Figure 4.9: Patient trials (a) Position response - P2 (b) Torque response - P2
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(a)

(b)

Figure 4.10: Online parameter estimation (a) Gravity torque (b) Drift
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Figure 4.11: Bimanual resistance rehabilitation system

1ms. The motor drivers are capable controlling currents up to 10 A with a bandwidth of 2.5 kHz.

The position torque response of a healthy person is shown in Figure 4.12(a). The position torque

response and torque time response of a patient with impaired limb is shown in Figures 4.12(b) and

(c). The patient is unable to flex his elbow around 37 degrees at the current resistance torque.

With AAN based bimanual rehabilitation the system assists the patient to complete the motion as

shown in figure 4.13. When the position error and error duration is small, the system does not provide

much assistance allowing the patients attempts to recover position coordination as depicted in figure

4.13 (a),(b). If the position error and error duration is large, the system provide significant assistance

to help the patient coordinate (Figure 4.13 (c),(d)). However the elbow torque profile is changed when

the AAN provides assistance torque.

In SLR based bimanual rehabilitation the elbow torque profile is not changed. Only the magnitude of

the elbow torque profile is altered as shown in figure 4.14. For small position errors and error duration

it does not significantly reduce the strength profile as shown in figures 4.14 (a),(b). However for large

position errors and error duration the system significantly reduce the magnitude of the strength profile

to assist the patient in maintaining the position coordination as shown in figures 4.14 (c),(d). The

elbow torque profile is preserved.
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(a) Healthy person

(b) Patient with impaired limb - angle response

(c) Patient with impaired limb - time response

Figure 4.12: Conventional bimanual rehabilitation
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(a) Position response

(b) Torque response

(c) Position response

(d) Torque response

Figure 4.13: Assist-as-needed bimanual rehabilitation
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(a) Position response

(b) Torque response

(c) Position response

(d) Torque response

Figure 4.14: Strength level reduction bimanual rehabilitation
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CHAPTER 5

CONCLUSIONAND RECOMMENDATIONS

The conclusion is separated to three sections where the human arm inertia and gravity torque estima-

tion, Tele-rehabilitation using bilateral teleoperation and the bimanual resistance training system are

concluded.

5.1 Conclusion

5.1.1 Human arm inertia and gravity torque estimation

In this research a novel reaction torque observer based technique for online estimation of human arm

inertia and gravity torque is presented. This is convenient since the patient doesn’t have to perform

special movement other than the passive ROM exercise for the parameters to be estimated online. The

hardware experiment confirmed the applicability of the proposed methods. The performance of each

method was compared. Both ADALINE and RLS methods performed well during the experiments.

RLS had a lesser error and faster response but it is susceptible for noise. ADALINE method required

a longer settling time but the estimate was stable. The constrained motion profile method failed at

estimating inertia. However this method could be used for gravity torque estimation. The methods

discussed in this paper can be applied in rehabilitation robot design and also in power assist systems

(exoskeletons) design. Rather than treating inertia of the human limb as a disturbance, by modelling

it, the control system of the robot can be made robust. Accurate measurement of motor friction, torque

constant and inertia provide improved estimates of the parameters. A better current controllable motor

driver is recommended for obtaining exact human arm inertia and gravity torque.

5.1.2 Tele-rehabilitation

The gravity torque is considered as a disturbance in teleoperation systems. However when it comes to

telerehabilitation, the load can vary from session to session. A method of identifying the load gravity

torque is necessary. In this paper, the parameters were estimated with a recursive algorithm. The

gravity effect of the patient’s impaired limb is compensated. The system was tested with two patients.

The gravity was compensated successfully for both and the therapist did not feel the weight of the

patient’s impaired limb. The experiments validate the proposed methods. The proposed method is

applicable for any telerehabilitation or teleoperated system where the load is unknown or subjected

to changes. Additionally the proposed methods can be implemented in rehabilitation robots to attain

robust controllers.

5.1.3 Bimanual Rehabilitation

In this research a novel bimanual rehabilitation robot for resistance training of the elbow is presented.

The device actively controlled the impedance felt by the patient considering the elbow strength profile

of a healthy person. This is accomplished by using the RTOB for force sensing. The patients can use

the device for resistance training with or without the assistance of BPC. Two BPC configurations were

experimented using the hardware system. The resistance scaling method is more appealing since it

allows keeps the profile even at lower resistances. Adaptive resistance reduction and assistance based
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on the magnitude of the position error and patient response time was implemented using fuzzy logic.

The results validate the applicability of the proposed methods for bimanual rehabilitation devices. The

proposed method could be used to seamlessly switch between the resistance and assistance modes to

enhance the angle synchronization between the impaired and the unimpaired limb. The proposed

method could be applied for the other limbs as well, though it is tested only for human arms.

5.2 Recommendations

• Accurate measurement of motor friction, torque constant and inertia provide improved esti-

mates of the parameters. A better current controllable motor driver is recommended for obtain-

ing exact human arm inertia and gravity torque.

• The proposed methods should be practically used in any rehabilitation or tele-rehabilitatiion

systems. Furthermore dynamic gravity compensation method should be applied for teleopera-

tion systems where the slave load is not known. This removes the need of using dummy robots

as in previous works in teleoperation.

• Reaction torque observer based torque control is recommended for efficient resistance rehabil-

itation with a human torque profile as reference.

• Application of fuzzy logic for determining the resistance level allows the patient to attempt to

recover the position coordination error. Consulting a physiotherapist for refining the knowl-

edge base of fuzzy expert system could enhance the effectiveness of therapy, and therefore it’s

recommended.
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