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Abstract

We present the design, control and human-machine interface of AssistOn-
Mobile, a series elastic holonomic mobile platform aimed to administer thera-
peutic table-top exercises to patients who have su�ered injuries that a�ect the
function of their upper extremities.

AssistOn-Mobile is designed as a multi-DoF series elastic actuator based on
a holonomic mobile platform consisting of four actuated Mecanum wheels. Thanks
to its mobile base, it is a compact and portable device that can cover whole hu-
man workspace for planar reaching exercises. Even though the mobile platform
is not passively backdriveable due to the Mecanum wheels, a low-cost, compliant
mechanism based, multi-DoF series elastic element is introduced to transform the
holonomic mobile platform into a series elastic actuator and to ensure actively
backdriveability of the overall system. Implementation of series elastic actuation
results in many advantages, such as eliminating the need for costly force sensors,
improving the performance of force control, and increasing the impact resistance
and robustness of the overall system.

For the control of AssistOn-Mobile, in addition to admittance controllers
used for active backdriveability, passive velocity �eld control (PVFC) is implemen-
ted for contour following tasks. PVFC minimizes the contour error by decoupling
the task (path tracking) and the timing of the task, while also ensuring the coup-
led stability of the human-in-the-loop system by rendering the system passive with
respect to externally applied forces. Furthermore, since AssistOn-Mobile is an
end-e�ector type device, patients' shoulder movements are continually tracked uti-
lizing a Kinect (RGBD) sensor such that compensatory movements of the patients
(e.g, leaning) are limited by providing online feedback to the patients (for instance,
by modulating the speed of the contour tracking task). With these controllers in
place, AssistOn-Mobile becomes a highly backdriveable, force-controlled robo-
tic interface that can provide required amount of assistance/resistance to patients,
while performing omni-directional movements on a plane.
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To enable patients with severe disabilities (e.g., spinal cord injury patients
with no residual movements on their a�ected limb) to interact with AssistOn-

Mobile and to provide assist-as-needed rehabilitation protocols to such patients,
we introduce a systematic approach for online modi�cation of robot assisted reha-
bilitation exercises by continuously monitoring intention levels of patients utilizing
an electroencephalogram (EEG) based Brain-Computer Interface (BCI). In one
implementation, we utilize posterior probabilities extracted from an LDA classi�er
as the continuous-valued outputs to PFVC. This way, PVFC modulates the speed
of contour following tasks with respect to intention levels of motor imagery.

The e�cacy of our proposed robotic BCI framework with online modi�cation
of task speed is investigated by a set of human subject experiments with healthy
volunteers. In particular, our approach is compared with the existing BCI-based
virtual reality and robot-assisted rehabilitation techniques. Within this experiment,
we have collected statistically signi�cant evidence of the bene�cial e�ect of the hap-
tic feedback during the mental imagery of subjects. Results also indicate that using
BCI continuously rather than to initialize the movement only may be preferable to
ensure active participation of patients throughout the therapy. Finally, using the
proposed BCI-based rehabilitation protocol shows no statistically signi�cant di�e-
rence in terms of mental imagery activity, compared to the rehabilitation protocol
where the subjects are actively performing the real movement.
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Özet

Bu tezde üst uzuvlar�n robot destekli masa üstü rehabilitasyonunda kullan�lmak
üzere, seri elastik holonomik gezgin platform AssistOn-Mobile' �n tasar�m�n�,
kontrolünü ve insan etkile³imi için kullan�lan arayüzünü sunmaktay�z.

AssistOn-Mobile, dört aktif Mecanum tekerlekli holonomik gezgin platform
tabanl�, çok serbestlik dereceli seri elastik eyleyici olarak tasarlanm�³t�r. Gezgin
taban� sayesinde kompakt ve ta³�nabilir olan bu cihaz, insan kolunun ula³abilece§i
çal�³ma alan�nda dönme ve ilerleme hareketlerini ba§�ms�z yapabildi§i gibi tüm ya-
tay uzanma hareketlerini de gerçekle³tirebilir. Mekanum tekerlekler yüzünden pasif
olarak geri sürülebilir olmayan bu cihaz�, dü³ük maliyetli, esnek mekanizma tabanl�,
çok serbestlik dereceli seri elastik eleman kullanarak seri elastik eyleyiciye dönü³-
türdük ve sisteme aktif geri sürülebilirlik kazand�rd�k. Seri elastik eyleyiciye sahip
holonomik platform, yüksek maliyetli kuvvet sensörlerine olan ihtiyac� ortadan kal-
d�rmakta ve yüksek kazan�mlara sahip kapal� döngü kuvvet kontrolü uygulamas�na
olanak tan�maktad�r. Ayn� zamanda sistemin pasif empedans�n� dü³ürüp darbelere
kar³� sistem gürbüzlü§ünün artmas�n� da mümkün k�lmaktad�r.

AssistOn-Mobile'�n kontrolü için, aktif geri sürülebilirli§i sa§layan admitans
kontrolörüne ek olarak, rota takip etme uygulamalar� için pasif h�z alan� kontrolörü
(PVFC) de sentezledik. PVFC, takip edilmesi istenilen rotay� ve rotay� tamamla-
mak için gereken zaman� birbirinden ay�rmakta ve rota hatalar�n� küçültmektedir.
Ayn� zamanda, döngü içerisinde insan da olan sistemin d�³ar�dan uygulanan kuvvet-
lere kar³� pasif olmas�n� sa§layarak, toplam sistemin kararl�l�§�n� garanti etmektedir.
AssistOn-Mobile hasta ile robotun sadece sonland�r�c�da �ziksel etkile³im içinde
olmas� üzere tasarland�§�ndan, egzersizler s�ras�nda hastalar�n tela� edici hareket-
lerini (örne§in, e§ilme hareketi) engelleyememektedir. Terapi s�ras�nda istenmeyen
bu hareketleri limitlemek için, Kinect (RGBD) sensörü ile hastalar�n omuz hare-
ketlerini anl�k olarak takip edilmi³ ve AssistOn-Mobile'�n h�z� bu ölçümlere göre
de§i³tirilerek hastalara anl�k geri besleme verilmi³tir. Bu kontrolörlerin kullan�m�

vi



sayesinde AssistOn-Mobile, hastalara yatay düzlemde çok yönlü hareketleri ge-
rekli miktarda destek veya direnç göstererek gerçekle³tirebilen, kuvvet kontrolörlü
ve geri sürülebilir bir robot ara yüzü haline getirilmi³tir.

A§�r sakatl�klar� bulunan hastalar�n (örne§in sakatl�ktan etkilenmi³ kolu ile hiç
bir hareketi gerçekle³tiremeyen hastalar veya omurilik rahats�zl�klar� bulunan has-
talar) AssistOn-Mobile ile etkile³imlerini mümkün k�labilmek ve bu hastalara
da ihtiyaç duyduklar� kadar destek verebilen rehabilitasyon protokollerini uygula-
yabilmek amac� ile Elektroensefalogro� (EEG) tabanl� Beyin-Bilgisayar Arayüzleri
(BBA) sisteme entegre edilmi³tir. Bu tezde; hastalar�n hareketi ne kadar gerçek-
le³tirmek istedikleri BBA taraf�ndan görüntülenerek robot destekli rehabilitasyon
egzersizlerinin h�z�n�n sürekli olarak de§i³tirildi§i sistematik bir yakla³�m sunul-
mu³tur. Bir uygulamada, LDA s�n��and�r�c�s�ndan gelen bilgilerin ard�l olas�l�k-
lar�n� sürekli de§erli sonuç verecek ³ekilde hesaplayarak PVFC'nin h�z katsay�s�n�
de§i³tirecek ³ekilde kullan�lm�³t�r. Böylece, AssistOn-Mobile'�n PVFC sayesinde
belirlenen rotay� takip edece§i h�z, hastalar�n hareketi gerçekle³tirme iste§i do§rul-
tusunda de§i³tirilmi³tir.

Sunmu³ oldu§umuz hareket h�z�n�n çevrimiçi de§i³tirildi§i BBA tabanl� reha-
bilitasyon yönteminin etkinli§ini, sa§l�kl� gönüllülerin kat�ld�§� insanl� deneyler ile
gözlemledik. Bu deneylerde, sunmu³ oldu§umuz yöntemi mevcut BBA tabanl� sa-
nal gerçeklik ve robot destekli rehabilitasyon teknikleri ile kar³�la³t�rd�k. Bu insan
deneylerinin sonuçlar� gösterdi ki, sunmu³ oldu§umuz robot destekli BBA sistemi,
hastalar�n rehabilitasyon egzersizlerine daha fazla kat�l�m göstermesini sa§lamakla
beraber rehabilitasyon protokolünde hastalar�n aktif olmas�n� garanti etmektedir.
Bu deneyin sonucunda, hastalara terapi s�ras�nda verilen robotik geri beslemenin
istatistiksel önemini gözlemledik. Ayr�ca, BBA sistemini hareketi ba³latmak yerine
düzenli olarak kullanman�n daha tercih edilebilir oldu§u sonucuna vard�k. Son ola-
rak, sonuçlar�m�z, önerdi§imiz BBA yöntemi ile kullan�c�lar�n hareketi �ziksel ve
aktif gerçekle³tirlemeleri aras�nda beyin aktivitesi aç�s�ndan istatistiksel bir fark
olmad�§�n�n� göstermektedir.
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Chapter I

1 Introduction

This section discusses physical rehabilitation for stroke, its burden on both

therapists and patients, and main notions of upper limb rehabilitation. Also,

the importance of assist-as-needed based rehabilitation therapies is empha-

sized for patients with residual movement ability. Then, Brain-Computer

Interaction (BCI) based rehabilitation is introduced to implement assist-as-

needed therapies for patients with severe disabilities and no ability to func-

tion their limbs. The introduction chapter ends with the contributions and

outline of the thesis.

1.1 Physical Rehabilitation

The nervous system consists of the brain, spinal cord and an intricate network

of nerves throughout the body and is an incredibly complex communication

system that controls and regulates the functions of body. Unfortunately, this

extraordinary system is vulnerable to disease and injury [1]. Neurological

injuries are the leading cause of serious, long-term disabilities that restrict

the daily functions of millions of patients. Stroke is one of the most serious

neurological injuries and approximately 9 million people had a stroke in 2008

and 30 million people have previously had a stroke and are still alive [2].



After neurological injuries, 75% of stroke survivors su�er from the dis-

abilities that a�ect their daily living routines physically, mentally, and emo-

tionally [3]. Physical rehabilitation is an indispensable solution to treat those

patients who are dealing with disabilities of neurological injuries and to help

those patients regain their functional abilities for the activities of daily living

(ADLs) skills. Rehabilitation therapies are shown to be more e�ective when

they are repetitive [4], intense [5], long term [6] and task speci�c [7].

For upper limb rehabilitation, one of the major aims of the physical ther-

apy is to increase the e�ective range of motion of the patient arm. An e�ective

way of increasing the range of motion is to administer reaching movements

to the patient. Although human arm is capable of performing more com-

plex movements, many practical tasks in our daily lives only require planar

reaching movements. Therefore, table top exercises where the weight of the

patient's arm is supported are widely administered as upper limb rehabilita-

tion exercises.

During conventional physical rehabilitation, therapists guide patients to

move their upper and/or lower limbs by physical interaction. Manual admin-

istration of such therapies are costly due to physical burden involved.

Robotic Rehabilitation

Utilization of robotic devices to provide repetitive and physically involved

rehabilitation exercises eliminate the physical burden of the therapy for the

therapists, while motivating the patients to endure long, intense therapy ses-

sions. Besides, the the lack of physical interaction between the therapists

and the patients allows the therapists to deal with multiple patients at a

time and decreases the cost of the treatment. Robot assistance during reha-
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bilitation also increases the reliability and accuracy of desired tasks, ensuring

that the same task is repeated by patients, while also providing quantitative

measurements to track the patients' progress.

Clinical trials investigate the e�cacy of robotic rehabilitation and pro-

vide evidence that robotic therapy is e�ective for motor recovery and pos-

sesses high potential for improving functional independence of patients [8�11].

Moreover, robotic devices may provide �assist-as-needed� (AAN) control to

patients by allowing them to complete the tasks with their own e�orts and

assist them as much as they need. In particular, AAN control helps patients

to follow a desired path, while assisting them to prevent large errors along

the path.

Rehabilitation robots can loosely by categorized as exoskeleton and end-

e�ector types. Exoskeleton type robots correspond with the human joints

individually. In particular, exoskeletons are capable of delivering speci�c joint

therapies decoupled from movements of other joints, as well as task speci�c

therapies coupling di�erent joint movements. Thanks to individual joint

control, compensatory movements are prevented by the exoskeleton devices.

Many exoskeleton type upper limb rehabilitation robots have been developed

successfully in the literature, such as [12�24]. Despite of their advantages,

the exoskeleton type robots are complex in terms of their physical design

and have higher cost. Besides, most of these devices require cumbersome

adjustments as misalignments between the robot and the arm of patient may

be harmful for patients during the treatment process.
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AssistOn-Mobile

In this thesis, we propose utilizing an end-e�ector type holonomic mobile

platform to administer active therapeutic table-top exercises to patients who

have su�ered injuries that a�ect the function of upper extremities. In par-

ticular, we introduce the design of AssistOn-Mobile, a series-elastic ac-

tuation based mecanum-wheeled holonomic mobile platform for upper arm

rehabilitation. Unlike the other therapeutic mobile devices that only sustain

passive and resistive modes, the proposed holonomic mobile platform is an

active rehabilitation device for home-based therapies. AssistOn-Mobile

can assist patients to complete table-top reaching tasks, help improve the

accuracy of movement therapy and the e�cacy of rehabilitation protocols.

With the integration of a compliant element which estimates the applied

forces by measuring the de�ections, the holonomic mobile platform is turned

into a series elastic actuator, AssistOn-Mobile to achieve active back-

driveability. The mobile platform and the compliant element can be used as

measurement tools to characterize the range of motion, isometric strength

of the injured arm and functional ability to apply forces. The force estima-

tion enables AssistOn-Mobile to measure interaction forces between the

device and the patients and to provide adaptive assistance to patients based

on their contribution as in AAN methods. Since AssistOn-Mobile is an

end-e�ector type device, we also continually track shoulder movements of pa-

tients utilizing a Kinect (RGBD) sensor such that compensatory movements

of the patients (e.g, leaning) are limited by providing online feedback to the

patients (for instance, by modulating the speed of the contour tracking task).
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1.2 Brain Computer Interface (BCI) based Rehabilita-

tion

Current rehabilitation devices that provide AAN therapies are based on the

interaction forces between the device and the patient; hence, cannot be used

with severely injured patients that have low residual movement on their upper

limbs (e.g., spline cord injury patients). Since activity-dependent plasticity

requires that patients actively recruit their own neural pathways to the best

of their ability, the mental e�ort of patients is as important as their physi-

cally involvement during the treatment process. Moreover, studies [25] show

that patient passive physical therapy routines do not provide lasting positive

e�ect on chronic stroke patients, especially for patients without any residual

functionality. Motor imagery training in combination with physical therapy

creates favorable conditions to induce neuroplasticity with the aid of visual

and haptic feedback. Brain-Computer Interface (BCI) systems provide a sys-

tematic approach for the mental imagery tasks, quantitative measurements

and possibility for visual and haptic integrations.

A BCI system generates commands by measuring the brain activity. In

particular, a non-invasive electroencephalogram (EEG) method is commonly

used to measure the electrical activity of the brain from the outside of the

scalp for rehabilitation integration. Collecting these electric potentials is

more practical, less expensive and safer for the patients compared to other

alternative methods. Using di�erent features to understand EEG signals

gives the opportunity to control prostheses [26], wheelchairs [27, 28], a cur-

sor [29, 30], and robots [31�33]. Recently, there has been much interest in

developing BCI technology to help restore function for patients with severe

motor disabilities, including patients with severe trauma due to stroke, cere-
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bral palsy, or injury to spinal cord or brain.

EEG-based BCI technology promises an alternative pathway to guide re-

habilitation protocols to e�ectively induce activity-dependent brain plasticity

and to restore neuromuscular function by monitoring the electrical activity

with brain signals. Experimental evidence shows that the brain has a corti-

cal plasticity which can be stimulated by a learning process. A BCI system

can exploit the plasticity of the Central Nervous System (CNS) to restore

some functionality [34]. Experimental studies in [35, 36] showed that stroke

patients could learn to operate a BCI system. Furthermore, in [37], it is

stated that the success rate of stroke patients on using a BCI system is close

to the rate of healthy subjects. [38] investigated the e�ect of BCI systems

with a set of experiments for 32 chronic stroke patients with severe hand

weaknesses. The subjects are separated as experimental and control group,

where the hand/arm orthosis is controlled via BCI system or randomly. The

results indicate that the BCI training may improve the functional treatment

when it is combined with the traditional physical practice.

In the literature, EEG-based BCI systems are integrated with either vir-

tual reality (VR) environment or robotic devices for the rehabilitation. Dur-

ing VR integration, the intention for the movement is represented visually

with no physical feedback. The robotic device integration provides haptic

feedback to patients related to their intentions. During BCI integration with

robotic devices, the patients are in contact with the rehabilitation device;

therefore, the patients also complete physical tasks as well as mental im-

agery tasks. The robotic devices are mostly triggered with the intention

levels; however, as stated in [39], online adaptation between the physical

movement and the mental state of patients are crucial in terms of generating
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a true pathway during therapies.

Proposed BCI Integration

We propose a novel systematic approach that enables online modi�cation/adaptation

of robot assisted rehabilitation exercises by continuously monitoring inten-

tion levels of patients utilizing an EEG-based BCI system. In particular,

we use Linear Discriminant Analysis (LDA) to classify event-related syn-

chronization/desynchronization (ERD/ERS) patterns associated with motor

imagery; however instead of using binary outputs, at �rst, we utilize posterior

probabilities extracted from LDA classi�er as the continuous-valued outputs

to control AssistOn-Mobile. Passive Velocity Field Control (PVFC) has

been used as the underlying controller to map instantaneous levels of motor

imagery during the movement to the speed of contour following tasks applied

to AssistOn-Mobile. In other words; PVFC changes the speed of contour

tracking tasks with respect to intention levels of motor imagery. PVFC also

decouples the task and the speed of the task from each other while ensuring

coupled stability of the overall robot patient system. Giving patients on-

line control over the speed of the task, the proposed approach ensures active

involvement of patients throughout exercise routines. To prove the e�cacy

of the proposed BCI-based rehabilitation protocol with online modi�cation,

a set of experiments with 13 healthy subjects have been performed. In this

experiment; the subjects are asked to perform all existing BCI-based rehabil-

itation methods as well as conventional robot assisted rehabilitation tasks in

a randomized order to show the e�ect of robotic assistance and online mod-

i�cation between the mental state and the movement in the rehabilitation

protocols.
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1.3 Contributions

• We propose an active holonomic mobile platform based multi degrees

of freedom (DoF) series elastic actuator, AssistOn-Mobile to ad-

minister therapeutic table-top exercises to patients who have su�ered

injuries that a�ect the functionality of their upper extremities. In par-

ticular, AssistOn-Mobile consists of a holonomic mobile platform

and a compliant element that transforms the mobile platform into se-

ries elastic actuator. Thanks to the compliant element; the externally

applied forces can be estimated to control the interaction forces with

the device. Unlike the mobile rehabilitation devices in the literature,

multi DoF series elastic actuator, AssistOn-Mobile is able to mea-

sure the interaction forces between the patients and the subjects to

provide �assist-as-needed� control therapies while avoiding the neces-

sity to use high cost, high sti�ness force sensors.

� A 3-Dof active holonomic mobile platform with unlimited workspace

is designed with 4 Mecanum wheels. Due to the four actuated

wheels, the system is redundant. Redundancy allows the use for

smaller actuators and provides better dead-reckoning accuracy.

Each wheel is belt-driven with a tensioning mechanism. A sus-

pension system ensures that the system is in contact with the

ground at all times. Although the motors are passively backdrive-

able, due to mecanum wheels; the mobile platform is not passively

backdriveable.

� For localization of AssistOn-Mobile, odometry is integrated

with the data from the optical �ow sensors to help compensate for
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the lateral slip of the wheels. For combination of di�erent sensor

measurements; 3 sensor fusion techniques based on Kalman �lter

have been implemented and compared for AssistOn-Mobile.

� A multi-DoF compliant element is introduced between the mobile

base and the users to transform the active holonomic platform into

a multi-DoF series elastic actuator. In particular, forces applied at

the end-e�ector are estimated by measuring the de�ections of the

grounded prismatic joints of the compliant mechanism using linear

encoders. As a result, in addition to inheriting the advantages of

series elastic actuation for the system, applied forces are estimated

with a low-cost design.

� To limit the amount of compensatory movements that are in-

evitable for end-e�ector type devices, a Kinect (RGBD) sensor is

integrated to the system such that the movements of AssistOn-

Mobile is regulated to provide online feedback to the patient

when the undesired level of compensatory shoulder movements

take place.

• We have implemented passive velocity �eld control (PVFC) forAssistOn-

Mobile to provide required amount of assistance to the patients, such

that the mobile platform follows a desired velocity �eld while maintain-

ing passivity with respect to external applied forces.

� PVFC is particularly suitable for rehabilitation robotics, since this

contour tracking controller ensures coordination and synchroniza-

tion between various degrees of freedom, while allowing patients

to complete the task.
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� PVFC decouples the desired contour following task and timing

along the path; therefore patients are free to determine the speed

of the task while PVFC assists them to stay on the path.

� PVFC not only minimizes the contour error, but also renders the

closed loop system passive with respect to external forces, ensuring

coupled stability; hence safety, of the overall human-robot system.

• As a collaborative work with Sabanci University Computer Vision and

Pattern Analysis Laboratory (VPA), we propose a novel BCI-based

robot-assisted rehabilitation framework, where the task speed is ad-

justed with respect to the subjects' intention levels obtained by the

EEG-based BCI system. Within this joint work, we have controlled

the AssistOn-Mobile by adjusting the task speed using continuously

estimated intention levels of subjects which has been covered in ??.

� To enable online adaptation of robot assisted rehabilitation exer-

cises with respect to the intention levels of the patients, posterior

probabilities extracted from the LDA classi�er of a BCI system

are used as continuous valued outputs to PVFC. Such outputs

correspond to instantaneous levels of motor imagery during the

movement and are used to modulate the speed coe�cient in PVFC

algorithm. Therefore, with increased level of �intention�, a higher

speed to complete the task is supplied to the patient. Such an

online feedback is aimed to encourage the active participation of

the patient.

� A human subject experiment is designed and conducted to com-

pare the e�cacy of the proposed robotic BCI framework with on-
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line modi�cation of task speed with the existing BCI protocols

used for stroke rehabilitation.

� This human subject experiment has provided statistically signif-

icant evidence of the bene�cial e�ect of robotic assistance dur-

ing the mental imagery tasks of subjects. Moreover, the results

indicate that using the BCI system continuously rather than to

trigger the movement only may be preferable to impose active

participation of patients throughout the therapy. Finally, the use

of proposed BCI-based rehabilitation protocol under robot assis-

tance with online modi�cation of task speed have no statistically

signi�cant di�erence in the brain activity, compared to the reha-

bilitation protocol where the subjects are actively performing the

real movement.

1.4 Outline

The rest of the thesis is organized as follows. The design of rehabilitation

robot for the upper extremities are discussed and design decisions are de-

tailed in Chapter 2. In particular, Section 2.1 describes the kinematics and

dynamics of the holonomic mobile platform. Section 2.2 details the inte-

gration of optical �ow sensors to improve the localization performance of

the mobile platform and discusses the sensor fusion techniques employed.

Section 2.3 focuses on the design and implementation of the compliant ele-

ment that transforms the mobile holonomic platform into a multi-DoF series

elastic actuator. Section 2.4 details the integration of Kinect sensor to pre-

vent compensatory movements. Chapter 3 reviews the control algorithms

implemented on AssistOn-Mobile. In particular, Section 3.1 details the
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admittance control, while Section 3.2 presents the Passive Velocity Field

Control. Chapter 4 focuses on the implementation of an EEG-based Brain-

Computer Interface for modifying the task speed with respect to intention

levels of subjects. Chapter 5 explains the experimental procedure to compare

the proposed BCI-assisted rehabilitation robotic system with existing reha-

bilitation techniques and discusses the results. Finally, Chapter 6 concludes

the thesis and gives brief description of the future work.
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Chapter II

2 AssistOn-Mobile

This chapter discusses the robot-assisted rehabilitation devices in the liter-

ature and presents the implementation of AssistOn-Mobile [40], a series

elastic holonomic mobile platform depicted in Figure 2.1. This mobile plat-

form has a rectangular shape of 340 mm x 160 mm x 85 mm and possesses

3-DoF to sustain all possible planar movements: 2 DoF translations and 1

DoF rotation in plane. The size of this device is optimized to be light and

portable while providing enough space to enable patients to place their arms

on it to support the weight of their arms.

Figure 2.1: AssistOn-Mobile: A holonomic mobile platform with a multi-
DoF compliant element
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2.0.1 Robot Assisted Rehabilitation

End-e�ector type rehabilitation devices interface with the human arm only

at only the end-e�ector and aim to control the human arm as a whole. This

type of connection may allow patients to move their bodies while their arm

is connected to the device. Such compensatory movements are undesirable

during rehabilitation therapies. In particular, such devices can only adminis-

ter controlled therapeutic movements in the task space. Yet, the end-e�ector

type devices are advantageous because of their relatively simpler kinematic

structure and lower cost. End-e�ector devices can further be categorized as

�xed-base and mobile devices with respect to their portability.

Fixed-base end-e�ector devices are mounted to the ground and their sta-

tionary structure allow them to include heavy and powerful actuators and

transmission units. Moreover, such devices do not su�er from localization

problems, since the global con�guration of the end-e�ector can be directly

measured. MIT-Manus [41] is a well-known �xed-base end-e�ector type reha-

bilitation device. In particular, it is an impedance-type robot that possesses

two grounded direct-drive motors to provide assistance or resistance to pa-

tients. Gentle/S [42] is an admittance-type robot, which uses HapticMaster

device [43] along with a gimbal mechanism for the connection with the hu-

man wrist. As a second prototype, Gentle/A [44] has been developed. This

device can either perform position controlled movements or active-assisted

movements where the patients are asked to initialize the movement. Reha-

Slide is designed to administer resistive movement therapies [45]. The di-

amond robot (DR) parallel rehabilitation device in [46] provides horizontal

movements for the therapy. It has quasi-3-DoF space movements and its

magnetic clutch provides safety. Even though �xed-base end-e�ector type
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devices have been shown to be e�ective in delivering therapies in a clinical

setting, their adaptation for the home-based therapies has not been very fea-

sible. Therefore, such devices are limited in the number of sessions they can

deliver therapy to a patient.

Unlike �xed-base devices, mobile end-e�ector type rehabilitation devices

are designed as light, portable and compact; which make them suitable for

the home-based robotic therapies. Although the mobility introduces a chal-

lenge in the localization accuracy, these devices can be implemented with

much lower manufacturing cost. Several low-cost, home-based rehabilitation

robots have been designed in the literature. A well-known low-cost, passive

mobile device is the arm skate [47], which is a passive device equipped with

reed-relays and magnets to link the objects de�ned in a virtual environment

with the physical environment and to determine the robot position. Due to

its high-cost, a later version with 4 omni-directional wheels has been imple-

mented to provide resistance to patients [48]. Another example of low-cost

table-top devices is Rutgers Arm II [49] which uses te�on balls to slide over

a table. The table is manually tilted to provide limited assistance or re-

sistance to patients passively and the movements are tracked with cameras

and displayed in a virtual environment. Even though these passive mobile

devices are low-cost and potentially e�ective in motivating patients and pro-

viding quantitative measurements of patients' progress, they do not include

any actuators to guide patients to complete the desired tasks.

There are several active mobile-based rehabilitation devices in the liter-

ature. The �rst prototype of ArmAssist [50] has been designed to provide

passive planar movements using three omni-directional wheels. A force sen-

sor has been integrated to this device to measure the out-of-plane forces.
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For the second prototype [51]; three DC motors have also been added to

the device to drive the mobile module and deliver position tracking tasks.

But, this device does not measure the interaction forces to provide assist-as-

needed type therapies. MOTORE [52] is an active mobile device which uses 3

actuated omni-directional wheels and two load cells at the handle to measure

in-plane forces. MOTORE implements admittance controllers during trajec-

tory tracking tasks. Reha-Maus [53,54] is another active mobile device with

3 omni-directional wheels driven by geared motors and a force/torque sensor.

These active devices rely on high �delity commercial force sensors to achieve

active backdriveability under control. However, the use of high �delity force

sensors signi�cantly increases the system cost and limits the performance of

these device due to low force controller gains. Besides, explicit force control

is vulnerable to instability due to sensor actuator non-collocation imposed

by the higher order dynamics of the system [55, 56]. Therefore, there is still

need for low-cost, high performance mobile end-e�ector devices for upper

arm rehabilitation in the literature.

2.1 Holonomic Mobile Platform

The holonomic mobile platform in Figure 2.2 is designed so that the forearm

and the wrist of a patient can be comfortably placed on the robot, relieving

patients from the burden of supporting the weight of their own arm. In par-

ticular; the holonomic mobile platform can independently control all possible

planar DoFs thanks to the use of 4 Mecanum wheels. Mecanum wheels are

omni-directional wheels with 45◦ angled rollers. Evidence in the literature

suggests that Mecanum wheels can provide enhanced traction, smoother mo-

tion and less slip during movements compared to omni-directional wheels [57].
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Figure 2.2: A prototype of AssistOn-Mobile

Mecanum wheels are placed on the mobile platform such that the rollers of

�rst and fourth wheels and rollers of second and third wheels possess a 90◦

orientation di�erence about the vertical axis. The use of 4 actuated Mecanum

wheels renders the mobile platform redundant. Redundant actuation has ad-

vantages such as allowing the use of lower power actuators and smaller trans-

mission units, allowing achievement of high forces/torques at the task space

and providing better dead-reckoning accuracy with the use of 4 encoders.

The proposed mobile platform has a suspension system for each wheel to

ensure that all wheels are in contact with the ground at all times. Specif-

ically, the suspension springs are chosen among the commercially available

suspension components for RC cars and have 10 mm stroke. The connec-

17



tion parts and upper body of the robot are manufactured from aluminum

and stainless steel. The actuators of the mobile robot are chosen as brushed

DC motors with 180 mNm continuous torques and with 4.8 : 1 integrated

gearboxes. The power generated by the motors is transmitted to the wheels

via a belt driven transmission with a torque ampli�cation ratio of 42 : 30.

A handle and an arm support are also designed for the comfort of patients

during the therapies; supporting the weight of their arms while providing a

stable connection between the patients and the device. The components of

the AssistOn-Mobile has been shown in Figure 2.3.

Handle

Belt

Tension 
Mechanism

Compliant Mechanism
Suspension 

System

Figure 2.3: The components of AssistOn-Mobile

2.1.1 Kinematics

Figure 2.4 shows the CAD model of the holonomic mobile platform where

the signi�cant points, frames and bodies are marked. N , H, Wi and Si with
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Figure 2.4: CAD model of AssistOn-Mobile

(i = 1, 2, 3, 4) frames represent Newtonian reference frame, mobile platform

frame, wheels' frames and angled roller frames on the Mecanum wheels. The

center points are O for Newtonian frame and H0 for mobile platform. L and

T represent the distances from H0 to the wheels' center.

The velocity of the mobile platform can be de�ned with respect to the

frame N as in Equation (1).

N ~V M = Vx~n1 + Vy~n2 = WRT
A (1)

where Vx and Vy are the velocities along ~n1 and ~n2 directions. Equation (2)

shows the angular velocity of the system with respect to N .

N~ωM = ω~n3 (2)
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The angular velocity of each wheel with respect to the frame H is given

in Equation (3).

H~ωWi = θ̇i~ωi2 for i=1,..,4 (3)

where θ̇i are the magnitudes of angular velocities of each wheel respectively.

The velocity of the center of 45o shifted rollers Sio that are in contact with

the ground can be driven as in Equation (4).

N ~V Sio = N ~V Ho + N~ωH × ~rHoWio + H~ωWi × ~rWioSio (4)

where ~rHoWio is the position vector from the center of the platform to the

center of each wheel and ~rWioSio is the position vector from the wheel centers

to the contacting roller centers for each wheel. Assuming that the rollers

touching the ground cannot slip sideways; the ~si2 components of the velocities

N ~V Sio are set to zero as non-holonomic constraints to restrict the motion of

the robot as Equation (5).

N ~VSio . ~si2 = 0 for i=1,..,4 (5)

Given these de�nitions, Equation (6) presents the motion level inverse

kinematics of the mobile platform with respect to the H frame.
θ̇1

θ̇2

θ̇3

θ̇4

 = J−1


V x

V y

ω

 (6)
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The inverse Jacobian matrix J−1 is calculated as Equation (7).

J−1 =
1

R


1 −1 −(L+ T )

1 1 (L+ T )

1 1 −(L+ T )

1 −1 (L+ T )

 (7)

where R is the radius of the Mecanum wheels, L and T are vertical and hor-

izontal distances from the center of mobile platform to the center of wheels.

Due to the redundancy of mobile platform, J−1 is not a square matrix and

motion level inverse kinematics is computed using pseudo-inverse method as

in Equation (8).

J† = (JT × J)−1 × JT (8)

As a result; the kinematic Jacobian J characterizing the the motion level

kinematics can be explicitly stated as in Equation (9).

J =
R

4


1 1 1 1

−1 1 1 −1

−1
L+T

1
L+T

−1
L+T

1
L+T

 (9)

2.1.2 Dynamics

The dynamic equations governing the motion of the mobile platform is de-

rived using Kane's method [58]. The external forces along x and y directions,

torque about z direction at the end e�ector and the motor torques at each

wheel are identi�ed as Fx, Fy, τz, and τi, respectively. To implement Kane's

method, acceleration level kinematics of the device is derived and partial
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velocities of the mass centers and forces acting points are formed. Inertia

of each component of the robot is estimated from its CAD model. Finally,

the equations of motion of the robot are derived symbolically and task space

inertia and Coriolis matrices are extracted for use in controls.

2.2 Localization

The easiest way to calculate the con�guration of a mobile robot is to rely

on odometry/dead-reckoning techniques. The odometry keeps track of the

angular movement of each wheel, by possibly utilizing encoders attached to

the motor. Using the kinematic model of the robot, the end-e�ector position

of the mobile device can then be estimated. Although these techniques are

quite common for localization, they are vulnerable to the errors caused by the

slip of the wheels causing the position estimate errors to increase cumulatively

over time.

In this work, optical �ow sensors are introduced to help compensate the

position errors due to the (especially lateral) slip of the wheels. These sen-

sors measure the displacement along x and y directions, provide good local

positioning accuracy with a range of millimeter, are low-cost, light-weight,

with very low-power consumption. For our current prototype, we have inte-

grated high-performance, low-cost optical mouse sensor ADNS2620 with an

Arduino board as optical �ow sensors.

To correspond with all possible DoFs the mobile platform can cover; 2

optical �ow sensors have been integrated to the mobile device. The smooth-

ness of the surface is crucial for proper operation of an optical �ow sensor as

it may fail on an uneven surface. As unevenness of the surface will introduce

measurement errors, the optical sensors are used with the existing odome-
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try methods. To be able to systematically integrate these methods together

for the best con�guration estimation over time, Kalman �lter based sensor

fusion methods are employed.

The use of Extended Kalman �lter [59] is a well-known, e�cient method

for the dead-reckoning of mobile robots, estimating the con�guration of the

robotic system.

2.2.1 Extended Kalman Filter

The Extended Kalman Filter is a recursive linear estimator which calculates

an estimate for a discrete state on the basis of periodic observations. Equa-

tion (10) shows the generalized non-linear system dynamics in discrete-time.

x(k) = x(k − 1) + f [x(k − 1, u(k − 1), v(k − 1), k]

z(k) = h[x(k), u(k), w(k), k]
(10)

where x(k) is the state of interest, u(k) is control input, S is the sampling

time, f [., ., .] is the function of state velocity, v(k) is the state noise, z(k)

is the observation, h[., ., .] is the function of observations and w(k) is the

measurement noise. The state and measurement noises v(k) and w(k) are

assumed to be Gaussian with zero mean and their covariance matrices are

proposed as Qk and Rk respectively. The non-linear system in Equation (10)

is linearized as in Equation (11).

Ak = ∇fx, Bk = ∇fu, Hk = ∇hx (11)
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Discrete Kinematics Model

Using the state-space equation of the holonomic mobile platform in continu-

ous time space as in Equation (12)

ẋ(t) = Akx(t) +Bku(t) (12)

where u(t) = q̇, Ak is identity matrix, and the kinematic Jacobian matrix Bk

has been evaluated in Equation (9) with respect to mobile platform itself.

Equation (12) with respect to Newtonian can be expressed as:

Bk =
R

4


sθ + cθ cθ − sθ cθ − sθ sθ + cθ

sθ − cθ sθ + cθ sθ + cθ sθ − cθ
−1
L+T

1
L+T

−1
L+T

1
L+T

 (13)

Finally, the discrete-time model of the mobile platform can be obtained

as in Equation (14).


xk

yk

θk

 =


xk−1

yk−1

θk−1

+Bk


δθ1k

δθ2k

δθ3k

δθ4k

 (14)

A �xed coordinate frame and a mobile one M attached to the mobile

platform have been de�ned in Figure (2.5). The origin of the mobile system

has coordinates (xm, ym) in the �xed system. θ represents the rotation of

the mobile platform with respect to the �xed coordinate. Two optical �ow

sensors have been inserted to the mobile platform located at the coordinates

(xo1, yo1) and (xo2, yo2).
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Figure 2.5: Mobile M and �xed coordinate frames

The relationship between the mobile and �xed coordinate frames is given

in Equation (15)

xF = xmcos(θ)− ymsin(θ)

yF = xmsin(θ) + ymcos(θ)
(15)

Similar equation can be written for both optical sensors as in Equa-

tion (16)

xF i = xoicos(θ)− yoisin(θ)

yF i = xoisin(θ) + yoicos(θ)
(16)

where i = 1, 2

The measurement matrices are de�ned as z1(k) and z2(k), respectively.

The observation models for those sensors are given in Equation (17).
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H1 =

cosθ −sinθ −xo1sinθ − yo1cosθ
sinθ cosθ xo1cosθ − yo1sinθ


H2 =

cosθ −sinθ −xo2sinθ − yo2cosθ
sinθ cosθ xo2cosθ − yo2sinθ

 (17)

Extended Kalman Filter

The Kalman �lter has two stages: prediction and update. In the prediction

stage, a prediction x̂(k|k − 1) of the state at time k and state covariance

P (k|k − 1) are computed according to Equation (18) using the previous es-

timations and the current control input.

x̂(k|k − 1) = f(x̂(k − 1|k − 1), u(k))

P (k|k − 1) = AkP (k − 1|k − 1)ATk +Qk−1

(18)

After the prediction stage, a Kalman gain matrix K is computed as in

Equation (19).

Kk = P (k|k − 1)HT
k [HkP (k|k − 1)HT

k +Rk]
−1 (19)

In the update stage, the observation matrix z(k) is formed using the

measurements to estimate the current state and state covariances x̂(k|k) and

P (k|k) according to Equation (20).

x̂(k|k) = x̂(k|k − 1) +Kk[z(k)−Hx̂(k|k − 1)]

P (k|k) = (I −KkHk)P (k|k − 1)
(20)

Typical Extended Kalman �lter equations are designed for a single ob-
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servation model. For multi-sensor systems, sensor fusion techniques becomes

necessary. There are three methods for sensor-fusion employing Kalman �l-

ter [60]: the group-sensor method, the sequential-sensor method, and the

inverse covariance form.

2.2.2 Sensor Fusion

Typical Kalman �lter equations are derived for a single observation model.

Under the e�ect of multiple sensors; there exists multiple methods to imple-

ment a Kalman �lter. The �rst method is to apply multiple sensor measure-

ments directly to the system. However, this approach is practically limited

to relatively small number of sensors, due to the computational burden in-

volved, since it requires the inverse of matrices with the size of number of

included sensors. A second approach is to consider each sensor individually

in separate Kalman �lter estimate calculations. Due to the number of cal-

culations for a single time step; it is can also be computationally expensive

for large number of sensors. The last approach is to adjust the Kalman �lter

equations such that the invertible matrices should be diagonal to reduce the

computational burden.

The Group-Sensor Method

The group-sensor method is the easiest way to apply a multi-sensor Kalman

�lter. The basic idea is to combine all sensor measurements and observation

models into a single �observation matrix� and run a single Kalman �lter for

each time step. The combination of sensor measurements are represented in

Equation (21).
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z(k) = [z1T ; z2T ]

Hk = [H12T ;H34T ]

R(k) = blockdiag[R1(k), R2(k)]

(21)

After modifying the measurement and observation matrices, single-sensor

Kalman �lter formulas can be applied easily.

The group sensor method is the simplest sensor fusion method. How-

ever, the dimension of the observation and the covariance matrix increases

with the number of sensors. The complexity of the matrices increase the

computational burden. Therefore, it is suitable only for small number of

sensors.

The Sequential-Sensor Method

The second approach of multi-sensor Kalman �lter is to deal with each sensor

measurements sequentially. In other words; the update stage of the Kalman

�lter is computed for each sensor measurements independently. Therefore,

update stage is repeated as the number of existing sensors. The prediction

stage of the Kalman �lter has been calculated using Equation (22).

x̂(k|k, 0) = x̂(k|k − 1)

P (k|k, 0) = P (k|k − 1)
(22)

The following step is to update the estimated states with the �rst sensor

as Equation (23).
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Sk1 = Hk1P (k|k, 0)HT
k1 +Rk1

Kk1 = P (k|k, 0)HT
k1[Sk1]

−1

x̂(k|k, 1) = x̂(k|k, 0) +Kk1[zk1 −Hk1x̂(k|k, 0)]

P (k|k, 1) = P (k|k, 0)−Kk1Sk1K
T
k1

(23)

The �rst update results are then used in the second update and the

process continues until the last sensor update, pth term as in Equation (24).

Skp = HkpP (k|k, p− 1)HT
kp +Rkp

Kkp = P (k|k, p− 1)HT
kp[Skp]

−1

x̂(k|k, p) = x̂(k|k, p− 1) +Kkp[zkp −Hkpx̂(k|k, p− 1)]

P (k|k, p) = P (k|k, p− 1)−KkpSkpK
T
kp

(24)

The last term gives the �nal update state and updated covariance that

can be used for the prediction stage of the next time step (k+1).

With the sequential-sensor method, the covariance matrix has a scalar

value, which solves the �rst method's problem. However, the update stage

is repeated for each observation model. Therefore, as the number of sensors

increase, the repetition of the update stage also increases, adversely a�ecting

the computational burden.

The Inverse-Covariance Form

The previous methods fail when the number of sensors becomes large. In

particular, the group-sensor method fails since the invertible matrix is not

diagonal and the computational burden gets more complicated as the in-

creasing matrix dimension. If matrices involved can be made diagonal, the
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computational burden does not increase much with the number of sensors.

The Inverse-Covariance method reorganizes the Kalman Filter equations to

make the covariance matrix diagonal.

The weights associated with the prediction and observation are rewritten

as in Equations (25) and (26).

(I −KkHk) = P (k|k)P (k|k − 1)−1 (25)

Kk = P (k|k)HT
k R
−1
k (26)

After these simpli�cations, the revised prediction formulas can be trans-

formed into Equation (27).

Wx =
∑

(Hki
TRki

−1zi(k))

x̂(k|k) = P (k|k)[P (k|k − 1)−1x̂(k|k) +Wx]

WP =
∑

(Hki
TRki

−1Hki)

P (k|k) = [P (k|k − 1)−1 +WP ]−1

(27)

In these equations; since R is a diagonal matrix; P (k|k) and x̂(k|k) are

diagonal either. Unlike the group-sensor method, the addition of new sensors

will require new Wx and WP values so the complexity of the process grows

only linearly. And unlike the sequential-sensor method, the update stage

takes place only once at each time step.

2.2.3 Results

Sensor fusion techniques explained in Subsection 2.2.1 have been tested through

experiments onAssistOn-Mobile combining data from motor encoders and
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Figure 2.6: Comparison of Kalman �lter based sensor fusion methods

31



Table 2.1: RMS error values for Kalman �lter based sensor fusion methods
during a circle tracking task

x y radial

Method 1 2.10 % 2.70 % 3.45 %
Method 2 1.67 % 2.50 % 3.05 %
Method 3 1.80 % 2.90 % 3.47 %

optical �ow sensors. A comparison of the performance of these methods are

shown in Figure 2.6. The RMS error values of each method along x and y

directions during a circle tracking task are given in Table 2.1. The resulting

RMS values are well enough for a circle tracking task for 400 mm diameter

during the rehabilitation exercises. Moreover, since only 2 optical �ow sen-

sor measurement are integrated to the odometry of AssistOn-Mobile the

RMS values are close enough to each other.

2.3 Series Elastic Actuation

Rehabilitation therapies are more e�ective if they control the interaction

forces between the patient and the device. Those devices should have low

output impedance to be easily manipulated. Moreover, the backdriveability

allows patients to move the device freely under the e�ect of applied forces.

Even though the actuators of the proposed holonomic mobile platform are

passively backdriveable, the use of Mecanum wheels prevents passive back-

driveability of the mobile platform. To achieve backdriveability under con-

trol, the holonomic mobile platform is transformed into a Series Elastic Ac-

tuator (SEA) by introducing a compliant element between the patients and

the mobile platform.

Rehabilitation devices under force control mostly use sti� force sensors to
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measure the interaction forces between the device itself and the patient. How-

ever, the use of sensors with high sti�ness has several drawbacks. First of all,

placing a force sensor at the end e�ector of the device creates non-collocation

in the system as shown in Figure 2.7. This non-collocation introduces poles

and zeros to the overall system as depicted in Figure 2.8 and causes the sys-

tem to be stable for bounded closed loop gains. In other words; using a force

sensor places an upper limit on the loop gain of the closed-loop system [56].

The presence of force sensor with high sti�ness causes the controller gains to

be chosen lower, limiting the performance and robustness of the controller

to ensure stability. Another disadvantage is the inherent noise involved force

sensors. Moreover, the commercial force sensors increase the overall cost of

the system due to their very high-cost.

Figure 2.7: The non-collocation in the system

The main idea of SEA is to intentionally introduce a compliant coupling

element between the actuator and the environment, measuring and control-

ling the de�ections on it. In particular, the applied forces are estimated

by measuring the de�ections. Although force sensors work with the same

principle as well, SEA has orders of magnitudes lower sti�ness than a typi-
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Figure 2.8: Root locus of a system with non-collocation

cal commercial force sensor [61]. For instance, the commercial ATI Nano17

transducer has a sti�ness on the order of 107 N/m where the proposed com-

pliant term in this thesis has a sti�ness on the order of 103 N/m.

SEA has many advantages for force control. First of all; the force control

problem is simpli�ed into a position control problem. Due to the compliant

element, the output impedance is decreased resulting in improved safety,

especially under impacts. Moreover, the controller gains can be selected

orders of magnitudes higher, since the sti�ness of the force sensor is decreased.

Increasing the controller gains improve the robustness and the performance

of the closed-loop system. Therefore; the actuation and the transmission

units can be selected simpler and lower cost.

One disadvantage of SEA is that the soft coupling of the compliant el-

ement limits the bandwidth of the system; however, in rehabilitation the

desired tasks are slow so that they can be executed by the patients and high
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bandwidth is often not necessary.

Figure 2.9: Force control with SEA

2.3.1 Design of the Compliant Element

The most important part of SEA is the design of the compliant term. A 3-

DoF compliant element is required to turn 3-DoF holonomic mobile platform

into AssistOn-Mobile, a 3-DoF mobile series elastic actuator. With this

motivation, a compliant, 3-PaRR planar parallel mechanism is chosen as the

underlying kinematics of the compliant element. This mechanism is chosen

since it allows for the measurement of the in-plane forces and torques acting

on the robot by simply measuring the de�ections of grounded prismatic joints

on this element using linear encoders.

A compliant mechanism is chosen for the design due to its advantages

such as:

• the �exible property,

• the ease of manufacturing with low-cost thanks to its monolithic struc-

ture and
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• friction/lubrication free nature,

Despite of the advantages, compliant mechanisms also have some disad-

vantages such as:

• the di�culty of design and analysis,

• the weak tolerance to large loads due to possible buckling, and

• the possibility of fatigue and plastic deformation.

3-DoF movement is achieved using a parallel planar mechanism for the

design of the compliant element. A parallel planar mechanism is a closed

kinematic chain in which the moving platform is connected to the ground

by at least two kinematic chains. Parallel mechanisms have many advan-

tages [62] such as:

• better robustness to manufacturing errors,

• more precise motion at the task space,

• compact design with higher sti�ness, and

• grounded sensors/actuators.

In particular, a compliant parallel 3-PaRR mechanism is chosen as the

underlying kinematic structure of the compliant element. In this mechanism,

the compliant revolute joints are implemented using V-shaped �exure hinges

while prismatic joints are implemented using 4 hinges in a shape of a par-

allelogram. The position of the output links of the compliant parallelogram

mechanism are measured with respect to the base link. The choice of 3-PaRR

allows linear de�ection measurements at prismatic (Pa) joints.
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V-shaped Filleted Flexure Hinges

Compliant mechanisms can be designed using �exure hinges that deform

through a short segment and behave like a revolute joint. Flexure hinges are

advantageous since they can achieve small motions with good repeatability

and can overcome shortcomings such as friction and backlash. They are made

of rectangular blank, removing two symmetric cut-outs with di�erent shapes

to have low rotational sti�ness about one axis and higher sti�ness in other

axes.

V-shaped �exure hinges depicted in Figure 2.10 provide better rotational

precision than other hinges [63]. The largest elastic deformation of the V-

shaped �exure hinge occurs at the point of minimum thickness. To lower

stress concentration on this point, corners of the cut-outs are �lleted by a

�xed angle.

In Figure 2.10; b, h, t, and l denote the width, height, minimum thickness

and half length of the �exure hinges, respectively. The symbol c is the height

of the pro�le that is equal to (h− t)/2, while R shows the radius of circular

section, and θ denotes the separation angle of the pro�le from horizontal

axis [64]. Analytical solution for the de�ection of V-shaped hinges is given

in Equation (28).

αz
Mz

=
3

2EbR2

{
1

2β + β2

{
(1 + β) sin θ

(1 + β − cos θ)2
+

(3 + 2β + β2) sin θ

(2β + β2)(1 + β − cos θ)

+
6(1 + β)

(2β + β2)3/2
arctan

(√
2 + β

β
tan

θ

2
− γ2 cot θ

β2(1 + γ)2

)}

+
cot θ

(1 + β − cos θ)2

}
(28)
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Figure 2.10: Geometric parameters of and forces acting on a �lleted V-shaped
�exure hinge

where β = t/2R and γ = t/2c. Here, αz represents the angular displacement

andMz denotes the bending moment about z axis. The maximum de�ection

is calculated by matching the maximum bending moment with the yield stress

of the selected material [63] using Equation (29).

Kjoint =

(
Mz

αz

)
(29)

where E is the Young's modulus of the selected material. In the design of

the compliant element which is used for AssistOn-Mobile, each �lleted

V-shaped �exure hinge is designed to have 1.3◦ maximum angular de�ection

and 6.3 Nm/rad joint sti�ness.

38



2.3.2 Kinematics

Using V-shaped �exure hinges, a 3-PaRR mechanism is designed which con-

nects the moving platform to ground with 3 legs as in Figure 2.11. Applied

forces and torques acting on the end-e�ector of the moving platform are es-

timated by measuring the de�ections on the grounded joints of 3-PaRR. In-

dependent joint displacements of the compliant mechanism can be measured

using linear encoders and given the joint sti�ness, end-e�ector forces/torques

can be estimated.

Although the kinematic analysis of the compliant mechanisms is chal-

lenging, the use of �exure hinges allows for the approximation using Pseudo

Rigid Body Method (PRBM) [65]. PRBM approximates the motion of a

compliant mechanism by replacing the �exible links with rigid links and in-

troducing torsional springs at both ends of rigid ones. The PRBM for the

designed 3-PaRR is drawn in Figure 2.11.

PaPa

Pa
R

R

R

R

R R

Figure 2.11: Pseudo-rigid body model of 3-PaRR mechanism

39



A schematic representation of the pseudo-rigid body model of a single leg

of 3-PaRR is depicted in Figure 2.12. N and E represent the base reference

frame and end-e�ector frame, respectively. Points H and O mark the end-

e�ector where the handle is placed and the center of the workspace. Bodies

Ai, Bi and Ci, (for i = 1, 2, 3), denote the three bodies on each leg that

connects the end-e�ector E to the ground N , while Ki, Li and Pi mark the

centers of revolute joints. To study the kinematics of 3-PaRR, three vector

loop equations can be written in plane as in Equation (30).

qai

n1

sai

qai

qbi

q θ
ci

l

L

N

i

i Ki

P

O

H
i

i=1,2,3

E

A

iB

iC

Figure 2.12: Kinematic model on a single leg of 3-PaRR mechanism

~rOKi + ~rKiLi + ~rLiPi + ~rPiH − ~rOH = ~0 (30)

where ~r represents the position vector from the left superscript to the right
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superscript and i = 1, 2, 3 is the loop index. It is possible to derive six inde-

pendent scalar equations from these three planar vector loop equations, while

three more independent scalar equations can be derived from the relationship

between joint rotations and the end-e�ector rotations. These equations can

be solved analytically to determine all nine joint angles qai , qbi and qci , which

are required to calculate the task space de�ection and sti�ness of the device.

However, since the defections of the compliant mechanism is relatively small,

di�erential kinematics of the device dominate its movements. In particular,

determining the initial con�guration of the device together with its Jacobian

matrix is su�cient to resolve its kinematics. The Jacobian of the model can

be calculated by di�erentiating the vector loop equations in Equation (30) in

N and solving together with the angular velocity equation as Equation (31).

4 θ = 4qbi +4qci (31)

where4 signi�es small quantities. The resulting Jacobian can be partitioned

into kinematic Jacobian JT , which gives the relation between the joint space

and task space velocities, and the constraint Jacobian JC , which imposes the

motion constraints to the system. The kinematic and constraint Jacobian

matrices can further be grouped by the type of the joint: measured or passive.

This form of the Jacobian matrix provides more insight about the system,

since the sub-blocks of the matrix clearly re�ects the contributions of the

measured and passive joints. Equation (32) is the Jacobian matrix.

4xT
0

 =

 JTm JTp

JCm JCp

4qm
4qp

 (32)
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where JTm is the Jacobian matrix for unconstrained measured joints, JTp

is the Jacobian matrix of unconstrained passive joints, JCm is the Jacobian

matrix for constrained measured joints and JCp is the Jacobian matrix for

constrained passive joints, while4qmc and4qpa represent small displacement

of measured and passive joints, and 4xT denotes the small con�guration

changes of the end-e�ector. In 3-PaRR case, the position of the output

links of three grounded parallelogram mechanisms (that e�ectively act as

prismatic joints) are measured, while all the remaining revolute joints are

passive. The joint angles of compliant parallelogram linkages are calculated

from Equation (33).

qmi = sin−1(smi/l) (33)

where smi is the measured linear displacement, and l is the length of body

Ai.

Using the Jacobian matrices, the relationship between measured joint

displacement and the task space displacement of the end-e�ector can be

derived as Equation (34) [66].

4xT = (JTm − JTpJ−1Cp JCm)4 qm

= JTcomp 4 qm

(34)

where JTcomp denotes the Jacobian matrix of the overall compliant mecha-

nism. Once the Jacobian matrix of the compliant 3-PaRR mechanism is

obtained, the task space sti�ness matrix KT of the mechanism can be de-

rived as Equation (35).

KT = J−TTcomp(Kqm + JTCmJ
−T
Cp
KqpJ

−1
Cp
JCm)J−1Tcomp (35)
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whereKqm andKqp are the individual sti�ness values of measured and passive

joints.

2.3.3 Implementation of the Compliant Element

R

Pa

Pa

Pa
R

RR R

R

y

x

Perspective view 
from the top

Perspective view 
from the botttom

Side view

Figure 2.13: Left: Monolithic implementation of compliant 3-PaRR mecha-
nism; Right: Constraints against out-of-plane movements

The monolithic physical implementation of 3-PaRR mechanism based

compliant element is shown on the left side of Figure 2.13. The prismatic

joints of the compliant mechanism are instrumented with linear incremental

optical encoders with 2000 counts per inches resolution under quadrature

decoding. For this 3-PaRR compliant mechanism with V-shaped �exure

hinges, Kqm = Kqp = Kjoint are calculated as 0.014 Nm/rad following Equa-

tion (29). These values are obtained choosing the parameters in Table 2.2

in order to obtain the highest de�ections in the end-e�ector of the compli-

ant mechanism with approximately 3 Factor of Safety �tting the shape of

AssistOn-Mobile.
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Table 2.2: Parameters used for implementation of the compliant element

Flexure Hinge Parameters Value

h 5.34 mm
θ 8o

t 0.99 mm
R 15 mm
b 6 mm
l 16.5 mm

The diagonal terms of task space sti�ness reads as KTx = KTy = 14

N/mm along x and y directions and KTθ = 4.4 Nm/rad about the rotation

axis, while the o� diagonal terms are negligibly small.

The out-of-plane movements of the compliant mechanism are restricted

as depicted on the right side of Figure 2.13.

Under the assumption of the compliant element will be applied maximum

50 N force, the structural analysis has been made as shown in Figure 2.14.

The maximum stress of the mechanism under 50 N load at the end-e�ector

results in a safety factor of 2.99, ensuring its safety. The de�ections at the

end-e�ector are physically limited to 10 mm to prevent the plastic deforma-

tions of the compliant mechanism.

2.3.4 Veri�cation of Force Sensing using the Compliant Element

To verify the force estimation with the 3-PaRR compliant element, a ATI

Nano17 force sensor is attached to the end-e�ector of the compliant mecha-

nism as in Figure 2.15. Figure 2.16 shows that the compliant mechanism is

able to follow the force measurements of the commercial force sensor.
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Figure 2.14: Static analysis of the compliant element

% RMS error values along x, y and θ directions are calculated as 5.7%, 7.3%

and 8.5%. In particular, the estimated forces using compliant mechanism are

e�cient enough to be used for rehabilitation therapies.
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Figure 2.15: ATI Nano17 force sensor attached to 3-PaRR compliant mech-
anism

Figure 2.16: 3-PaRR veri�cation in x, y, θ directions

2.4 Integration of Kinect Sensor for Limiting Compen-

satory Movements of Patients

During therapies; patients with arm disabilities may tend to complete the

desired exercise by moving their torso instead of their arms, and such com-

pensatory movements decreases the e�ciency of training. To control such

movements during therapies, as an online feedback to the patient, the task

speed of AssistOn-Mobile is adjusted with respect to compensatory shoul-
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der movements of the patients. In particular, shoulder movements are mea-

sured with a Kinect (RGBD) sensor and the patients are warned though both

haptic and audio channels to correct their sittings during the task.

Microsoft Kinect is low-cost camera which uses infra-red (IR) illumination

to obtain depth data, color images and sound as presented in Figure 2.17.

IR is used as a distance ranging device and enables the sensor to measure

distances at 2 m with a 10 mm accuracy and has a resolution of 3 mm at

2 m.

Figure 2.17: Kinect hardware

From the depth data, software provided with Kinect detects human joints

which have been represented on the famous drawing by Leonardo da Vinci,

the Vitruvian man as in Figure 2.18 and tracks the skeleton instantaneously.

Although the skeleton tracking performance of Kinect has been observed

lower than an alternative full-body motion capture system in [67], it is suit-

able to control for instance game protocols for rehabilitation. Kinect has

been used for the home-based rehabilitation therapies in [68�70].

Skeleton tracking with Kinect can be achieved using various open source

tools. MATLAB provides skeleton tracking using Microsoft SDK for Win-
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Figure 2.18: Skeleton joints detected by Kinect

dows and does not require a calibration phase before each trial [71]. Fig-

ure 2.19 shows an image of a skeleton taken from Kinect, where head, torso,

right and left arms and legs are represented with the same color.

The basic idea behind skeleton tracking is to detect human joints in x, y

and z coordinates and to measure the movement as in Figure 2.20.

Figure 2.21 represents the set-up for the Kinect integration to theAssistOn-

Mobile system to limit compensatory movements of the patients. For a

feasibility experiment, Kinect has been placed in front of the subject and the

right shoulder displacement of a healthy subject has been measured. These

measurements are used to adjust the task-speed of AssistOn-Mobile as

shown Table 2.3, while simultaneously providing a warning tone for auditory

feedback. In particular; AssistOn-Mobile moves with a maximum speed

until the shoulder de�ections exceed 50 mm threshold. Between 50 mm and

90 mm thresholds; the task speed of AssistOn-Mobile starts to get de-
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(a) (b)

Figure 2.19: Skeleton tracking by Kinect

creased with a linear function until it stops. The task speed returns back to

its original value whenever the subject returns to the de�ned shoulder de-

�ection range. At each speed change; subjects are also informed by proving

them a di�erent tone.

Figure 2.22 shows the results of a sample experimental where the shoul-

der movement of the subject modi�es the task speed of AssistOn-Mobile

to limit the compensatory movements. In particular, the task speed of

AssistOn-Mobile changes whenever the de�ned shoulder limits in Ta-

ble 2.3 are exceeded by the users during the exercise. Moreover, informing

subjects with haptic and audio cue, the subjects are forced to correct their
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Figure 2.20: Skeleton tracking by Kinect

pose during the movement in an online manner. To reduce the noisy estima-

tions of Kinect during the experiments; the measurements have been passed

through a low pass �lter.
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Figure 2.21: Set-up with Kinect

Table 2.3: Experiment Conditions
Shoulder Movements Task Speed Scaling

0 - 50 mm 1
50 - 90 mm linear function between 0 - 1
> 90 mm 0
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Chapter III

3 Control of AssistOn-Mobile

For e�ective rehabilitation therapies, patients are required to be actively

involved in the exercise. This chapter presents di�erent �assist-as-needed�

controllers implemented on AssistOn-Mobile. In particular, admittance

control is implemented such that the device becomes actively backdriveable.

The integration of the virtual �xtures introduces virtual constraints to limit

errors and improve safety during competition of a task. However, mere back-

driveability provides no assistance to patients when they are within the vir-

tual �xtures.

In rehabilitation; the timing along the path is not important. Allow-

ing patients to complete the task with their own e�ort at their own pace

with minimum path error is more critical. Therefore, Passive Velocity Field

Control (PVFC) is implemented on AssistOn-Mobile for contour track-

ing tasks. This method not only provides natural assistance to the patients

but also ensures safety by guaranteeing passivity of the coupled system with

respect to external applied forces.

3.1 Admittance Control

Active backdriveability of AssistOn-Mobile is ensured using admittance

control under the action of forces applied by the patient at the end-e�ector
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of the compliant mechanism. Figure 3.1 presents the block diagram of the

admittance controller of AssistOn-Mobile. In this cascaded structure, the

external forces acting at the handle are estimated through the de�ections

of the compliant element and its kinematic model. The outer admittance

controller transforms the applied forces to the desired task space velocities

of the mobile platform. Finally, the inner velocity controller ensures that

AssistOn-Mobile tracks the desired velocities by minimizing the velocity

errors.

Holonomic Mobile
Platform

Compliant
3-PaRR 

Mechanism

ASSISTON-MOBILE

1
s

K i

Kp

K
F

[Ma s + Ba]
est

h

-1

J #

∆qm∆xTxd
.

q τd
.

q
.

T T Fhuman

+

+

-

+

comp
J

M(q)q + C(q,q)q = τ 
. ...

Velocity Controller

Figure 3.1: Cascaded admittance controller of AssistOn-Mobile

In particular, M denotes robot inertia matrix, while C is the Coriolis

matrix of the holonomic mobile platform. J ]h represents the pseudo-inverse

Jacobian of the holonomic mobile platform and Fhuman is the physical inter-

action forces acting on the robot by the patients. q, q̇, q̈ represent the actual

position, velocity and acceleration of the DC motors, q̇d is the desired veloc-

ity of motors and ẋd denotes the desired task space velocity of the mobile

platform. ∆qm is the joint de�ections and ∆xT is the de�ection on the end-

e�ector of the compliant element. JTcomp is the Jacobian matrix and KT is
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the sti�ness of the compliant term. Symbols Kp and Ki denote the PI gains

of the inner-loop velocity controller of the closed-loop system, whereas Ma

and Ba represent the parameters of the desired admittance.

Active backdriveability allows patients to move the robotic device freely

by applying physical forces. To limit the possible errors over the desired task

to ensure safety, a virtual tunnel is implemented along the desired path. The

active backdriveability of AssistOn-Mobile has been demonstrated with

an experiment where a healthy subject is asked to move the robotic device

forward as in Figure 3.2. As addition, virtual walls have been implemented

between ∓50mm along y direction to limit the robot movements in the task

space. In particular, even tough the robot can move freely inside the tun-

nel, the virtual walls prevent the further movement. It can be observed on

Figure 3.2 that AssistOn-Mobile can move along the direction of applied

forces by the user inside the implemented virtual tunnel. However, whenever

AssistOn-Mobile reaches the boundaries of the virtual walls the controller

imposes virtual constrains to the mechanical system such that it cannot ex-

ceed the boundaries except penetrations on the wall, which is acceptable in

terms of rehabilitation.

3.2 Passive Velocity Field Control

Trajectory-based controllers that provide assistance to patients as they need

require patients to complete a task in a pre-determined amount of time.

Due to this coupling between the task itself and the timing of the task,

trajectory tracking error does not always re�ect how well the contour has

been followed [72]. Such controllers try to catch up the time, as well as the

path itself and may sacri�ce the path tracking to improve errors in timing.
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Figure 3.2: Admittance control with virtual wall

This may be detrimental for therapies as large deviation from the path can

potentially harm the patients. For applications such as rehabilitation where

the timing along the path is not crucial, minimizing the contour error is more

critical.

Passive Velocity Field Control (PVFC) is a contour (path) following con-

trol technique, where the coordination and synchronization between various

degrees of freedom is ensured, while exact timing along the path is left to

the patient/therapist. PVFC concept has �rst been proposed in [73] as an

exercise protocol and detailed in [72,74]. Moreover, it has been implemented

for various applications in [75�78].

PVFC has many advantages in rehabilitation, since the decoupling be-

56



tween the time and the task allows patients to complete the desired tasks

at their preferred pace, while the assistance is provided to complete the task

with minimum contour error. In particular, PVFC de�nes a time invariant

velocity �eld V for a given path, and the speed of the task depends on the

instantaneous energy of the closed-loop system. PVFC mimics the dynamics

of a �ywheel; it cannot generate energy, but store and release the energy

supplied to it. As a result, PVFC renders the closed-loop system passive

with respect to external forces.

PVFC uses velocity �elds to de�ne a desired velocity at each con�guration

of the mechanical system, so that the system will be guided towards the

desired contour. The velocity �eld is the combination of the tangent vector

(V ||) and the normal vector (V ⊥) to the desired path as in Equation (36).

V || = vfs(s
∗)

V ⊥ = x(rEE − f(s∗))
(36)

where v and x are coe�cients of vector �elds, rEE is the position of the

AssistOn-Mobile. f(s∗) represents the closest point on the path, while

fs(s
∗) is the unit tangent vector at this point. The velocity �eld is formed

by the combination of these two vectors as in Equation ??eq:velocity�eld)

V = − 2

1 + e−vE
V ⊥ +

(
2

1 + e−vE
− 1

)
V || (37)

where E is the instantaneous contour error, the di�erence between the me-

chanical position of the robotic device, rEE and the closest point on the

curve, fs(s∗).

The dynamics of a mechanical manipulator in joint space is given respec-

tively as in Equation (38)
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M(q)q̈ + C(q, q̇)q̇ = τ + τe (38)

where M(q) , C(q, q̇) , τ and τe are inertia matrix, Coriolis matrix, control

torques, and external torques, respectively and the local coordinates are rep-

resented by q = [q1, .., qn]T . PVFC ensures the passivity of the system with

respect to external forces, as shown in Equation (39)

∫ t

0

τTe q̇dτ ≥ −c2 (39)

where c is a real number. PVFC decouples the desired task from the the

speed of the task. For a desired velocity �eld V , velocity �eld error can be

de�ned as Equation (40)

eρ = q̇(t)− ρV (q(t)) (40)

where q̇(t) is the actual velocity of the system, and ρ > 0 is a constant.

The objective of the velocity �eld controller is to make eρ go to 0 by mod-

ulating ρ which is proportional to the traversal speed of the system. Since

the mechanical system is not required to be located in a speci�c position at

a particular time, an appropriately desired velocity �eld directs the system

from its current con�guration, to approach the contour.

3.2.1 Augmented Mechanical System

In order to satisfy Equations (39) (40), �ywheel dynamics are augmented

with the mechanical system. The augmented system consists of the robotic

system and a �ctitious �ywheel with dynamical model in Equation (41)
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MF q̈(n+ 1) = τn+1 (41)

MF is the mass of the �ywheel and τn+1 represents the coupling control

input to the �ywheel. The local coordinates of the augmented system with

the �ctitious �ywheel become q = [q1, .., qn, qn+1]
T . Moreover, the dynamics

of the augmented system can be de�ned as

M̄(q̄)¨̄q + C̄(q̄, ˙̄q) ˙̄q = τ̄ + τ̄e (42)

where M̄ denotes the inertia matrix of the augmented system. The total

kinetic energy function of the augmented system is given in Equation (43)

k̄(q̄, ˙̄q) =
1

2
˙̄qTM̄(q̄) ˙̄q (43)

Kinetic energy of the augmented system k̄(q̄, V̄ (q̄)) is equal to a positive

number Ē as in Equation (44)

k̄(q̄, V̄ (q̄)) =
1

2
V̄ (q̄)TM̄(q̄)V̄ (q̄) = Ē > 0 (44)

assuming that the velocity of the �ywheel Vn+1(q) is calculated according to

Equation (45)

Vn+1(q) =

√
2

MF

(
Ē − 1

2
V (q)TM(q)V (q)

)
(45)

3.2.2 Coupling Control

The skew-symmetric control law contains feed-forward compensation and a

feedback term for a given velocity �eld. In particular; the feed-forward term
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in Equation (46) implements dynamic compensation while the feedback term

in Equation (47) reduces the contour error.

τ̄c =
1

2Ē
(w̄P̄ T − P̄ w̄T ) ˙̄q (46)

τ̄f = γ(P̄ p̄T − p̄P̄ T ) ˙̄q (47)

where γ is a control gain which determines the rate of convergence, the speed

of the system to follow the desired velocity �eld. The momentum of the

augmented system p̄(q̄, ˙̄q), the desired momentum of the augmented system

P̄ (q̄) and the inverse dynamics w̄(q̄, ˙̄q) are de�ned as

p̄(q̄, ˙̄q) = M̄(q̄) ˙̄q

P̄ (q̄) = M̄(q̄)V̄ (q̄)

w̄(q̄, ˙̄q) = M̄(q̄) ˙̄V (q̄) + C̄(q̄, ˙̄q)V̄ (q̄)

(48)

The error dynamics under the skew-symmetric control is �nally obtained

as

τ̄(q̄, ˙̄q) = τ̄c(q̄, ˙̄q) + τ̄f (q̄, ˙̄q) (49)

3.2.3 Speed Regulation

PVFC ensures the total energy of the augmented system to be constant and

the task speed of the mechanical system is determined due to the initial

energy level of the system and the work done by the external forces. In

particular; the timing along the path is due to the initial energy level of

the augmented system and the external energies supplied or subtracted by
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the patients during the task. Figure 3.3 represents the the change of the

task speed during a contour following task with respect to applied forces to

the system. In particular, this �gure shows that the speed of AssistOn-

Mobile increases for additional forces along the direction of the movement.

Moreover, AssistOn-Mobile decreases its speed for applied forces along

the reverse direction. The green area shows where the task speed obtains

negative values due to applied forces and starts to move backwards.
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Figure 3.3: Task speed adjustment with respect to applied forces

Besides, the speed of the contour tracking tasks can be controlled by

regulating the total energy of the system by the actuators through an extra
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control term as in Equation (50).

τforced = ζP̄ (r − P̄ T ˙̄q

2Ē
) (50)

where ζ > 0 is the damping coe�cient and r is the speed coe�cient. Equa-

tion (50) clearly states that τforced minimizes the error between ˙̄q and rV̄ .

Figure 3.4 shows the relationship between the applied forces and the speed

coe�cient r implemented using AssistOn-Mobile.
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Figure 3.4: Task speed adjustment with respect to speed coe�cient

3.2.4 Implementation on AssistOn-Mobile

Since PVFC requires the actual dynamics of the mechanical system, the

dynamic analysis is signi�cant. To avoid the di�erence between the dynamic

model and the mechanical system itself, admittance control is used to impose

desired dynamics to AssistOn-Mobile.

The basic idea of admittance control is to describe a relationship between
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the torque output of the PVFC and the wheel velocities such as

qd(s) =
1

Mas+Ba

τd(s) (51)

where Ma and Ba are inertia and viscosity parameters for each wheel, re-

spectively. Velocity output of admittance control is used as the reference

value for the inner loop velocity control. As a result, the complex dynamics

of AssistOn-Mobileis simpli�ed to desired dynamics. The overall control

scheme is shown as in Figure 3.5.

PVFCVelocity 
Field

Reference 
Path

Fhuman
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.
qaqa, Fenv

Fout Admittance 
Control

Rendered Plant

.
qaqa, Fenv

Compliant 
Element

Holonomic Mobile
Platform

ASSISTON-MOBILE

Figure 3.5: Control scheme of PVFC with rendered dynamics

3.2.5 Experimental Results

To see the path tracking performance of AssistOn-Mobile, an experiment

has been implemented as in Figure 3.6. In particular, the reference path and

the actual robot path has been represented on the x-y plane in Figure 3.6.

From the �gure, it is clear that AssistOn-Mobile can perform the path

tracking tasks with any initial conditions. Table 3.1 shows the RMS error

value percentages for x,y and radial movement.
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Figure 3.6: Experiment Result of PVFC with AssistOn-Mobile

Table 3.1: RMS error values for PVFC implementation on AssistOn-

Mobile

RMS Error %

x 3.38 %
y 3.53 %
radial 4.8 %

Since PVFC decouples the path and the timing along the path, AssistOn-

Mobile converges to the reference path slowly and naturally, unlike a tra-

jectory tracking controller. Therefore, PVFC ensures that the controller does

not impose any undesirable trajectory which may harm the patients during

therapies. Figure 3.7 shows how AssistOn-Mobile converges to the refer-

ence path starting from an initial con�guration which is not placed on the
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reference path in x and y directions. Once the actual position of AssistOn-

Mobile reaches to the reference path, AssistOn-Mobile starts to move

faster along the path, without any applied forces under constant speed coef-

�cient.
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Chapter IV

4 BCI Integration with AssistOn-Mobile

�Assist-as-needed� concept discussed in Chapter 3 requires patients to apply

physical forces to the active involvement of patients to the therapies are en-

sured. For patients with severe disabilities who have lost the functionality of

their limbs completely, such as spinal cord patients, Brain-Computer Inter-

action (BCI) provides a communication channel between the rehabilitation

tasks and the patients by estimating the instantaneous intention levels of

patients. This chapter starts with the introduction of BCI systems and the

related literature. Then it discusses the integration of BCI with AssistOn-

Mobile. This section introduces the integration of a BCI system with the

proposed holonomic mobile platform AssistOn-Mobile as a collaborative

work with Sabanci University Computer Vision and Pattern Analysis Labo-

ratory (VPA) ??.

4.1 Brain-Computer Interaction

A BCI system aims to generate commands about patients' state of mind by

measuring the brain activity. The brain activity can be measured using two

main methods: the invasive method where the brain signals are measured

internally by the electrodes inserted on the brain with an operation and the
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non-invasive method where the signals are measured externally by the elec-

trodes placed on a head cap which is worn by the patients. Even though

the invasive method enables more accurate signals with minimum noise, the

need for the surgery makes it expensive and non-practical. The non-invasive

method can be applied by Magnetoencephalography (MEG), X-ray Com-

puted Tomogrophy (CT), Positron Emission Tomography (PET), functional

Magnetic Resonance Imaging (fMRI), Electroencephalogram (EEG), etc. For

BCI-based rehabilitation, EEG method is commonly favored due to its porta-

bility, ease of use, low-cost, lower noise-to-signal ratio and silence.

EEG-based BCI system detects the electrical activity from the scalp and

classi�es it to estimate the user's intention for the movement. In this thesis, a

Biosemi ActiveTwo EEG System is used for EEG recordings. The recording

con�guration shown in Figure 4.1 uses Ag-Cl electrodes at C3, Cz, C4 at

512 Hz sampling rate. Their upper and lower neighbor channels are used as

references. By subtracting the average of the data received from upper and

lower neighbor channels of a main channel, 3 referenced main channels are

obtained.

Figure 4.1: Electrode Positions
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The motor imagery of movements for users are obtained by extracting

various features from the EEG recordings and classifying them with several

methods [79]. In particular, event-related synchronization and desynchro-

nization (ERD/ERS) patterns indicate the motor imagery movements where

the change of signal amplitude implies the rest or motor imagery. In theory,

ERD occurs when the signal values decrease and implies the motor imagery

movement and ERS increases the signal after the execution of the move-

ment [80�82]. ERD/ERS patterns are mainly characterized by investigating

the spectral powers computed in α (8 Hz-13 Hz) , σ (14 Hz-18 Hz) and

β (18 Hz-30 Hz) frequency bands of the EEG data related to the imagery

movements [80, 81]. To analyze these frequency bands Short Time Fourier

Transform is applied to each trial. These features are classi�ed into two

classes: right arm movement and rest using Linear Discriminant Analysis

(LDA) which is a non-complex, stationary classi�cation method [83]. In

this chapter, unlike the literature, instead of using these binary outputs to

provide online adaptation of the BCI system as the rehabilitation protocol,

the posterior probabilities of EEG data are used to obtain continuous-valued

outputs as shown in Figure 4.2.

A BCI system requires subjects to undergo a cue-based synchronous train-

ing sessions where the subjects learn to control the BCI system, while the

system generates a pattern from the EEG signals of each subject. During

the training sessions, the subjects are asked to sit quietly during the data

collection with no actual movement and to relax or imagine moving their

right arms with respect to each given cue. Each cue is followed up with a

passive period where the EEG signals are not evaluated. In the beginning

of the trial, a cross �+� is displayed on the monitor to indicate the passive
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Figure 4.2: Posterior probabilities of EEG data

period. After the passive period, a cue is given which shows either a right

arrow or �Relax� with an acoustic stimulus randomly. Each cue is followed

by the passive period again. Right arrow asks subjects to concentrate on

imagery right arm movements, while �Relax� asks them to relax. The visual

cues given to subjects during training are given in Figure 4.3.

Figure 4.3: Graphical interface for the training session

4.2 BCI-based Rehabilitation Protocols

One common way to implement a BCI-based rehabilitation protocol is to in-

tegrate the BCI system with virtual reality environments. During such ther-
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apies [84�90], the subjects are asked to perform imagery reaching or grasping

movements while visual feedback is given on the monitor. In [84], 9 healthy

subjects are given visual feedback with �spheroids� game for 7 min. The

di�culty parameters are computed in a calibration test where the subjects

are asked to move virtual arms to speci�c locations on a virtual table. BCI

system classi�es users' intentions into �no movement�, �right arm movement�

and �left arm movement�. In [85], 19 healthy subjects are given visual and

auditory feedback during mental imagery tasks. Each subject participated

in one session with 4 blocks of 30 reaches per subject. Right arm move-

ments are measured with IR re�ective markers. Users are asked to perform

straightforward and complicated tasks. The dynamics of the movement is

captured with a nonlinear analysis to obtain the information about planning

and execution of the movement. The novelty of this technique is to capture

the dynamics of the movement. In [86], 5 chronic stroke patients are asked to

perform mental imagery tasks with �ball-basket game� besides the physical

practice. Patients are asked to attend sessions 2 times a week, for 6 weeks.

In [87], 6 healthy subjects are asked to change the position of a cursor with

a constant speed for every half second following 3 di�erent tasks. In [88], 15

healthy subjects are asked to control the trajectory of a �ying simulated air-

craft at a �xed speed and altitude by imagining �right/left� arm movements.

In [89], 3 healthy subjects are asked to participate di�erent environmental

modes to understand the e�ect of realistic feedback imagining �right/left�

arm movements. In [90], a set of experiments have been performed by 4

healthy subjects where they are asked to perform �left� and �right� imagery

movements. The results showed that the participants were able to follow the

desired trajectory by controlling a virtual cursor with an EEG-based BCI
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system.

In [87, 91], BCI systems are integrated with robotic systems but have

no physical interaction with subjects; they are used for visual feedback to

correspond with motor imagery of reaching or grasping movements. In [87],

6 healthy subjects are asked to control the movements of FANUS LR Mate

200iB robotic arm. During experiments, subjects try to move the end-e�ector

of robotic arm to right or left imagining �left� and �right� movements. In [91],

1 healthy subject is asked to imagine �left� and �right� arm movements to

control the movement of 2-DoF planar robotic arm, PuParm. Two control

strategies are applied: controlling the axis and direction of 100 mm linear

movement, and controlling the direction of 5◦ rotation.

The mental imagery tasks supported by a BCI system are only e�ective

if they are combined with physical practice during BCI-based rehabilitation.

To make BCI based rehabilitation more intense, mental imagery tasks should

be assisted with physical practice tasks using robotic devices that can provide

haptic feedback. [92] states the signi�cant di�erence between MI tasks alone

and MI with haptic assistance. Moreover, [93] presents the positive e�ect of

haptic assistance on the accuracy of the classi�cation with respect to virtual

feedback only. Therefore, to integrate physical therapy with mental imagery

tasks; some studies used robotic rehabilitation devices to provide physical

feedback during the mental tasks.

Robotic devices for upper arm rehabilitation have been integrated with

BCI systems in [39, 94�102, 102�104] asking subjects or patients to perform

imagery reaching and grasping movements. Most of these systems are trig-

gered with respect to intention levels of the users. In [94], 8 stroke patients

are asked to trigger 2-DoF MIT-Manus to perform reaching tasks to 8 di�er-
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ent targets located around a virtual circle. In [95,96], 3 healthy subjects and

4 chronic stroke patients are asked to initialize the movement of Light-Exos

arm toward the selected objects by the users. An eye-tracking system allows

patients to select the object to reach and a Kinect sensor identi�es the 3-D

object located in that direction. Each task execution lasts for 5 seconds and

the movement itself for 3 to 5 seconds. In [97], 18 stroke patients are divided

into two group; one group is asked to trigger MIT-Manus using their inten-

tions to move while other group underwent to conventional physical therapy

using MIT-Manus. Moreover, [98, 99] carries out larger clinical studies with

the same experimental setup. The same group investigated the e�ciency of

calibration for long-term BCI users in [101]. [102] shows that it is possible

to decode both elbow and hand trajectory from EEG data to exploit natural

motor imagery.

In all of these robot-assisted BCI integrated rehabilitation systems, pa-

tients' intentions are only used to initiate and stop the movement during

therapy. With this approach, once the movement is triggered, the rest of

the movement is independent from the intention of subjects. Therefore, the

patients may stop focusing on the movement while the robotic devices im-

pose the desired movements to their disabled limbs. Besides, the resulting

movement is always the same, invariant of the amount of e�ort that the pa-

tients perform to imagine the movement. Therefore, the consistency of active

participation of patients may not be guaranteed with these systems during

BCI-based movement therapy.

Recently, [39] advocated the importance of real-time adaptation of the

subjects' intention to move to the assisted movement by the rehabilitation

device. A 7-DoF robot arm with two part attachment for patient arm with
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a magnetic quick release mechanism in case of emergency provides actual

movements to subjects. The robot can perform standard rehabilitation ther-

apy modes, as well as an interfering mode where the robot perturbs move-

ments which the interference can be modulated by EEG data measurements.

ERD/ERS patterns on µ and β frequency bands are observed for motor im-

agery estimation. Although the importance of a real-time adaptation of the

robotic system to the patient's mental imagery performance is emphasized in

this work, real-time adaptation of therapies based on BCI classi�cation has

been left as a part of their future work.

In [100], 6 healthy subjects and 3 stroke patients are asked to perform

real or imagery movements of �exion/extension right arms or a�ected arms.

The training section of the experiment includes both active robot movement

where the robot guides subjects' arm and passive robot movement where the

subjects are asked to perform a real or imagery movement. Training section

provides neural feedback for either movement type. For each session, a test

section follows the training section where the subjects' intention detected by

the BCI system switches the WAM robot arm between two modes: active

and passive. If the patients' intention is classi�ed as move; the robot becomes

active and guides the subjects' arm; however, if the classi�cation determines

rest; the robot becomes passive. The mode of the WAM robot is refreshed

with every detected intention as �more� or �rest� instead of moving it at the

end of the classi�cation. The EEG data is classi�ed in each 250 ms and the

output is averaged within a window of increasing size (that start from the

�rst classi�cation instance and covers all classi�cation results to that instant)

and given to the rehabilitation device. Similarly, in [103] 6 subjects are asked

to control a hand device with EEG-based BCI system. The EEG data is
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analyzed at each 150 ms intervals. Each iteration moves the robotic hand to

open or closed depending on the present position and previous iteration in an

online manner. This device uses signals from the ipsilateral motor planning

areas of the brain to detect the intended movements of the hand.

Although the online adaptation between the patients' intention and the

robotic device has been implemented by [100], it is implemented by triggering

the movement within a small time period and their averaging window washes

out the instantaneousness of the interface. In other words, the instantaneous

estimates of intention levels for how much the patients are trying cannot be

obtained with this approach. Moreover, it cannot guarantee the coupled sta-

bility of the human-robot system under the e�ect of unexpected movements

and external forces.

4.3 BCI-Integrated AssistOn-Mobile

Our proposed BCI-based rehabilitation robotic system consists of [105]

• Real-time BCI system: For real-time, continual processing of patient

intention, EEG system is used to measure the electrical activity of the

brain. The LDA algorithm is used to classify ERD/ERS patterns in

EEG signals as �move� or �rest�. To control the speed of therapeutic

movements performed by the robotic system the binary outputs are

averaged in a moving window.

• Rehabilitation robot : To administer robot assisted therapies, AssistOn-

Mobile described in Chapter 2 is used.

• Contour following tasks and Passive Velocity Field Controller : For BCI

integration, a contour following controller PVFC in Subsection 3.2 has

74



been used. PVFC enables the intention level of patients to be synchro-

nized with instantaneous task speed to provide online feedback to the

patients.

• Visual feedback module: Visual feedback is provided to patients during

training to give the subjects desired cues.

A representative �gure of the BCI-integrated AssistOn-Mobile is given

in Figure 4.4. EEG-based BCI system measures the brain signals to control

the haptic device, AssistOn-Mobile. Meanwhile, visual and audio feed-

back are provided to patients. The novelty of this integration is the use of

PVFC that ensures online modi�cation by adjusting the speed of the robot

with respect to concentration level of patients estimated by the BCI system.

EEG head-cap
for BCI System

ASSISTON-MOBILE
Monitor for 

Visual Feedback

Figure 4.4: BCI-integrated AssistOn-Mobile

4.4 Control of BCI-based AssistOn-Mobile

During BCI experiments, the posterior probabilities of LDA classi�er are

used to provide continuous estimates of intention levels for online adaptation

of the speed of robot assisted contour tracking exercises. These outputs are
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used to guide the speed of the contour following task by directly adjusting

the speed coe�cient r in Equation (50) of PVFC. Hence, the intention levels

of users are mapped into the task speed of AssistOn-Mobile to form the

online modi�cation between the user and the rehabilitation protocol. In

particular, with increased level of �intention�, a higher speed to complete the

task is supplied to the user to encourage active participation.

We have performed a feasibility experiment with a healthy subject for

a single session in order to validate the applicability of the proposed BCI-

based rehabilitation protocol. The experimental setup is shown in Figure 4.5.

PVFC is implemented in real-time with a sampling frequency of 500 Hz

through a desktop computer equipped with a PC I/O card.

Figure 4.5: Experimental setup of BCI-based AssistOn-Mobile
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In the beginning of the experiment, the subject had a training session

with 72% averaged classi�cation accuracy. In the �rst phase of the experi-

ment, the subject is instructed to control AssistOn-Mobile via right arm

motor imagery movements tracing the contour. The subject is attached to

AssistOn-Mobile and asked not to make any voluntary arm movements

during the experiment. Even though AssistOn-Mobile can cover all pla-

nar movements; the movement of this experiment is simpli�ed into a straight

line task where the subject performs reaching movements forward/backward.

In order to avoid sudden variations in the contour tracking speed, instanta-

neous signals provided by the BCI classi�er at each second are averaged

over 3 seconds using a moving window for a smoother therapy experience.

Figure 4.6 (a) shows the windowed posterior probabilities while AssistOn-

Mobile moves forward and backward. Moreover, Figure 4.6 (b) depicts

the resultant speed constant of AssistOn-Mobile while performing con-

tour following tasks which is dictated by the BCI signals. The correlation

coe�cient between the posterior probabilities and the speed coe�cients have

been calculates as 0.9969.
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FORWARD BACKWARD

Figure 4.6: (a) Moving window averaged probability of patient intention and
(b) speed coe�cient of the augmented system
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Chapter V

5 Human Subject Experiments

This section presents a set of experiments with healthy volunteers to analyze

the e�cacy of the proposed BCI-based rehabilitation protocol in Chapter 4

with respect to existing BCI-based and commonly used robot-assisted reha-

bilitation algorithms in the literature. In particular, this experiment aims to

observe:

• The e�ect of haptic feedback on the active involvement of subjects

• The e�ect of online adaptation between the subjects and the rehabili-

tation device in terms of consistent active participation of patients with

motor imagery activities

• The e�ect of proposed robot-assisted BCI-based rehabilitation proto-

col with online adaptation compared to robot-assisted rehabilitation

exercises

This section details the experiment design and procedure used to study

the e�cacy of the proposed BCI-assisted rehabilitation approach with online

modi�cation of task speed to alternative approaches that appear in the litera-

ture and discusses the �ndings. This experiment is a joint work with Sabanci

University Computer Vision and Pattern Analysis Laboratory (VPA).
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5.1 Experimental Procedure

During the BCI-based rehabilitation exercises, the subjects are asked to con-

trol a robotic device where their arms are attached to or a visual object which

they are asked to observe while performing mental imagery movements of

their limbs. To analyze the e�ect of haptic feedback, online modi�cation of

task speed and the use of BCI in terms of ensuring active participation of

subjects to the rehabilitation tasks through mental imagery, an experiment

has been designed with 7 consecutive conditions including training and test-

ing blocks as shown in Table 5.1. The experiment consists of one session

recorded in a single day. The conditions of the experiment are presented to

subjects in a randomized order and short breaks for rest are provided between

each condition to prevent fatigue and any systematic e�ect.

Table 5.1: Experiment Conditions

Conditions Training Testing

C1 Robot moves BCI assisted robot
C2 Robot does not move BCI assisted robot
C3 Robot moves BCI triggered robot
C4 Robot does not move BCI assisted VR
C5 Robot does not move BCI triggered VR
PP - Patient passive
PA - Patient active

13 right-handed healthy subjects among Sabanc� University graduate stu-

dents have volunteered for this study. All subjects gave written informed

consent to participate the study. Among these 13 volunteers, 6 of them are

excluded from the analysis of the experiment, since their classi�cation accu-

racy was found to be below 50% for at least 3 of the training sessions. Hence,
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the data analysis presented consists of experimental data of 7 subjects; two

female and �ve male volunteers with ages between 24 to 29. All subjects

participated in a session where they experienced all of the experimental con-

ditions.

The BCI system in this experiment generates binary outputs classifying

the EEG signals of subjects into �rest� and �move� at each 250 ms, similar

to existing BCI-based rehabilitation protocols. For the online adaptation of

the task speed, these outputs are averaged within a moving window of 1 s.

Since this window is moving along time, it provides continuous estimates of

the instantaneous intention levels of patients. The EEG signals are measured

over C3, Cz, C4, CP3, CPz, CP4, FC3, FCz and FC4 locations of the inter-

national 10-20 electrode placement system at 2048 Hz sampling rate in the

α frequency band.

In the 7 conditions in Table 5.1, the subjects are asked to control either

a virtual object in Figure 5.1 or a robotic device, AssistOn-Mobile, as

shown in Figure 4.5. The �rst 5 conditions are BCI-controlled, while the last

2 are conditions that use BCI-system only to observe the brain activity of

the subjects during the execution of the task where the movement is either

leaded by the user or the device. The timing along the conditions are shown

in

Figure 5.1: Graphical user interface used to provide visual feedback
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Passive Period
 8 s. Rest 5 s. Move 5 s.

+ RELAX

Test trials without robot

Visual Cue

Training trials 

Visual Cue

Test trials with robot

Audio Cue

Figure 5.2: Interface used for visual feedback

5.2 Training

Independent training blocks are administered for each of the BCI-controlled

conditions. Each training block contains 11 trials in a randomized order

(6 Move, 5 Rest) where each trial consists of a 8 s passive period followed

by 5 s active period with either a visual or an acoustic cue. Figure 5.3

presents the visual cues for the �move�, �rest� and �passive� conditions of

the experiment. For training blocks of conditions C1 and C3, AssistOn-

Mobile on which the subjects' right arm is attached moves forward with a

constant speed during the right arm imagery movement tasks. The device

returns to its initial position during the next passive period. In training

blocks of conditions C2, C4 and C5, no haptic feedback is provided to the

subjects.

The training session is important for the classi�cation accuracy during

the execution of BCI-controlled tasks. In particular, the di�erence between

the mental �move� and �rest� cues results in more accurate BCI classi�er.
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Figure 5.3: Interface used for the training

Figure 5.4 shows the logarithm of Power Spectrum Density (PSD) values

(y-axes) as a function of frequency bands 0− 60 Hz (x-axes) for �move� and

�rest� cues with and without haptic feedback for C3, C4 and CP3 electrodes.

As expected, the log power values for mental imagery (MI) are smaller than

rest cue regarding to ERD/ERS phenomena for each electrode.

A one tailed t-test with p = 0.05 was applied to the α band to check

whether the PSD values in average are signi�cantly di�erent between MI

and rest periods. Figure 5.5 represents the p-values for C3, C4 and CP3

electrodes which obtain statistically signi�cance, indicating discriminative

information about the right arm imagery movement and rest periods with

and without robotic assistance. This test implies that a classi�er model can

be built with and without haptic feedback.

The e�ect of robotic assistance to the motor imagery task is investigated

by comparing training sessions of averaged power spectrum densities across

the subjects over time for C3, C4 and CP3 electrodes. Figure 5.6 shows

the p-values of t-tests for averaged PSDs in the α frequency band over time

between with and without robotic assistance training sessions. Under the

haptic feedback, the di�erence between MI and rest periods become signif-

icant after 1 s from the given cue throughout the trial. However, without

haptic feedback the di�erence between MI and rest period vanishes and the

p values become unsigni�cant (e.g. for C3 electrode at 4.75th second). The
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Figure 5.4: Averaged log PSDs for robot and non-robot assisted MI tasks
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Figure 5.5: p-values of t-test for averaged PSDs in the α band over frequency
bands

small p-values indicate that a training model can be built with and without

robotic assistance, however the haptic feedback may provide more accurate

classi�er model since the di�erence between two classes is more consistent

over time under haptic feedback.

5.3 Testing

A test block consists of 16 trials of 5 s mental imagery of right arm movement

and a passive period followed by an active period of 8 s. At the beginning
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Figure 5.6: p-values of t-test for averaged PSDs in the α band over time

of each period, an acoustic cue indicates the beginning of a trial. During the

test, the feedback is provided to the subjects in through either visual channel

using a virtual ball or by haptic feedback provided by AssistOn-Mobile.

For the conditions under haptic feedback, AssistOn-Mobile returns back
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to its initial position for the following passive period with a constant speed

and waits for the next active period. The conditions in Table 5.1 are detailed

as follows:

• BCI-assisted The subjects are asked to perform right arm imagery

movements to adjust the task speed with AssistOn-Mobile or of a

virtual ball as proposed in Chapter 4. The task speed of the controlled

object is updated in each 250 ms according to the outputs obtained from

the LDA classi�er of BCI, in a correlated fashion with the instantaneous

intention level of the subject. In conditions C1 and C2, AssistOn-

Mobile provides haptic feedback, while in condition C4 the virtual

object provides visual feedback.

• BCI-triggered In the triggered conditions, there exists a waiting pe-

riod between the passive and active periods where the subjects are

asked to perform mental imagery right arm movements to trigger a

virtual ball or AssistOn-Mobile with a constant speed. The active

period starts whenever an intention threshold is exceeded during the

waiting period. The minimum and the maximum duration of a waiting

period are set as 500 ms and 10 s respectively. The mental imagery

of subjects during the active period is not evaluated. In condition C3,

AssistOn-Mobile provides haptic feedback, while in condition C5

the virtual object provides visual feedback.

• Patient Passive AssistOn-Mobile guides the right arm of subjects

forward with a constant speed while the patient stays passive. Mean-

while, the BCI system is employed to measure the brain activity so

that comparison can be made with the BCI-controlled conditions.
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• Patient Active The subjects are asked to move AssistOn-Mobile

by applying external forces to the end-e�ector. The task speed of

AssistOn-Mobile is adjusted with respect to these applied forces.

Meanwhile, the BCI system is used to measure the brain activity so

that comparison can be made with the BCI-controlled conditions.

5.3.1 Experimental Results

This set of experiment has been designed to compare the proposed robot-

assisted BCI based rehabilitation protocol with online modi�cation of task

speed with respect to existing protocols in terms of active participation of

subjects. The participation level of subjects are estimated with the PSD

values of brain activity. According to ERD/ERS patterns, the low PSD val-

ues imply higher intention levels of subjects throughout the mental imagery

tasks. For the rehabilitation, the objective of this experiment is to �nd a con-

dition where the PSD values are continuously smaller than other protocols.

To be able to check the continuity of the intention levels of subjects; the data

is analyzed in 4 small timing windows (0-1, 1.25-2.25, 2.5-3.5, 3.75-4.75 s).

This experiment is designed to test validity of the following three hypoth-

esis.

Hypothesis 1: Bene�cial e�ects of haptic feedback BCI-based re-

habilitation systems with mere integration of visual feedback require patients

to observe the e�ect of their motor imagery without providing any haptic

feedback. Therefore, the neural activity for such systems exist as long as the

patients keep concentrating. On the other hand, under the e�ect of physical

robotic assistance during BCI-based therapies, actual movement further en-

gages the neural pathways in addition to mental imagery of the movement.
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As a result, overall brain activity and engagement of the patients are hy-

pothesized to be higher for BCI-based rehabilitation protocols with robotic

assistance when compared to protocols with visual feedback only.

Hypothesis 2: Bene�cial e�ects of online modi�cation of the task

speed During triggered BCI-based rehabilitation therapies, the subjects are

only required to initiate the movement by exceeding a predetermined inten-

tion threshold and once initiated, the motion continues without the need for

further human involvement. Under this type of therapy, the patients are

not encouraged to concentrate throughout the task, since patients mental

imagery does not e�ect the execution of the task that is performed with

a constant speed on a determined trajectory once it is initiated. It is hy-

pothesized that involvement of the patients decreases after motion initiation

in triggered BCI-based rehabilitation therapies and online adjustment of the

speed of the task execution (with or without haptic feedback) can further en-

gage patients throughout the task, recovering active involvement of patients

throughout the therapy.

Hypothesis 3: Bene�cial e�ects of BCI-based robot-assisted re-

habilitation with online modi�cation of the task speed This hypoth-

esis is a superposition of hypothesis 1 and 2; that is, we hypothesize that

bene�cial e�ects of online modi�cation and haptic feedback adds up to result

in more e�ective therapies when both of these aspects are simultaneously em-

ployed. In particular, robot-assisted BCI-based rehabilitation protocol with

online adaptation is hypothesized to be as e�ective as patient active control

therapies in terms of achieving active involvement of the patients.

These hypothesis are analyzed in details by comparing di�erent condi-

tions to each other. In particular, two tailed t-tests have been performed to
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Figure 5.7: PSD across time for conditions C1, C4

observe the possible di�erences and one tailed t-tests have been performed to

observe the signi�cant smaller/higher situations between the PSD values for

di�erent conditions where p-value limit has been chosen as 0.05 for statistical

signi�cance.

Hypothesis 1: Bene�cial e�ects of haptic feedback

The e�ect of haptic feedback is �rst analyzed for BCI-assisted conditions C1

and C4 as in Figure 5.7 where the averaged PSD values have been shown

as a function of frequency band 0 − 30 Hz (y-axes) over time (x-axes). In

particular, the α frequency band is observed (8-12 Hz) during the analysis.

Since condition C1 provides haptic feedback and C4 provides virtual feed-

back, the PSD values in C1 are observed to be more intense than PSDs

of C4 in Figure 5.7 as expected. This observation implies that condition

C1 supports subjects to be more involved with the movement than con-
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dition C4. To be able to have a strong statement, one tailed and two

tailed t-tests show the di�erence of the PSD values in 4 timing windows

(0− 1, 1.25− 2.25, 2.5− 3.5, 3.75− 4.75 s). The p-values in Table 5.3.1 show

that PSD values of condition C1 are signi�cantly smaller than C4 for all time

windows.

Table 5.2: t-test results for C1, C4

0-1 1.25-2.25 2.5-3.5 3.75-4.75

PSDC1 < PSDC4 2,80E-06 1,69E-03 1,02E-05 0,000178
PSDC1/PSDC4 5,60E-06 0,00338 2,05E-05 0,000356

The e�ect of haptic feedback can also be analyzed for BCI triggered con-

ditions by comparing the PSD values for conditions C3 and C5. Figure 5.8

shows that the PSD values are lower for condition C3 than condition C5,

since the subjects are provided haptic feedback during condition C3.

Figure 5.8: PSD across time for conditions C3, C5

Table 5.3 shows the resulting p-values from the t-test and states the

statistically signi�cant di�erence between two conditions.
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Table 5.3: t-test results for C3, C5

0-1 1.25-2.25 2.5-3.5 3.75-4.75

PSDC3 < PSDC5 0,026538 0,048532 2,91E-04 3,02E-07
PSDC3/PSDC5 0,053076 0,097065 0,000582 6,05E-07

To sum up; PSD values can be stated for BCI-assisted conditions as

PSDC1 < PSDC4 and for BCI-triggered conditions as PSDC3 < PSDC5

throughout the movement. These results support the bene�cial e�ect of

haptic feedback on the motor imagery activity of subjects.

Hypothesis 2: Bene�cial e�ects of online modi�cation of the task

speed

The e�ect of online modi�cation of the task speed as proposed with respect

to initializing the movement only is investigated under haptic and visual

feedbacks. Figure 5.9 represents the averaged PSD values across the subjects

for BCI-assisted and BCI-triggered conditions with robotic assistance, C1 and

C3. From this �gure, the condition C1 is observed to be more continuous and

intense than condition C3 since the PSD values tend to increase in Condition

C3. One and two tailed t-test results in Table 5.3.1 also show that the PSD

values of condition C1 are signi�cantly smaller than C3 only in one timing

window.

Table 5.4: t-test results for C1, C3

0-1 1.25-2.25 2.5-3.5 3.75-4.75

PSDC1 < PSDC3 0,11222 0,098301 0,006446 0,109945
PSDC1/PSDC3 0,22444 0,196602 0,012893 0,219889
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Figure 5.9: PSD across time for conditions C1, C3

Similarly, the e�ect of online adaptation of task speed under visual feed-

back is observed as in Figure 5.10. The statistically signi�cant di�erence

between these two conditions are investigated by the t-test and the resultant

p values are represented in Table 5.5. The p-values also show that the PSD

values of condition C4 is statistically signi�cantly smaller than C5 in only

one timing window.

Table 5.5: t-test results for C4, C5

0-1 1.25-2.25 2.5-3.5 3.75-4.75

PSDC4 < PSDC5 0,927666 0,685656 0,064351 0,001429
PSDC4/PSDC5 0,144667 0,628689 0,128702 0,002859

To sum up; using a BCI system with the online adaptation of the task

speed may help the subjects to be continuously involved to their tasks. In par-

ticular, during BCI-triggered conditions, the subjects may tend to decrease

their intentions on the movement which causes the discontinuity in the PSD
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Figure 5.10: PSD across time for conditions C4, C5

plots while the BCI-assisted conditions may promise better consistency in

the intention levels of subjects. Although the t-tests in this experiment do

not provide enough evidence to make a statistically signi�cant claim about

the e�ect of online adaptation of the task speed compared to triggering the

movement, a trend of online modi�cation seems promising in terms of keep-

ing the subjects actively involved with the task throughout the movement.

For a stronger claim, further experiments are required comparing these two

conditions.

5.3.2 Hypothesis 3: Bene�cial e�ects of BCI-based robot-assisted

rehabilitation with online modi�cation of the task speed

The previous analyses showed that the haptic feedback has a signi�cant e�ect

on the involvement of subjects and online adaptation of the task speed may

help subjects to be involved more consistently. To provide a comparison of

BCI-assisted robotic rehabilitation protocol with online modi�cation of task
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speed with respect to commonly employed robotic rehabilitation protocols,

subjects are asked to perform PA and PP conditions, where they are asked

to apply forces to the end-e�ector of the device or let the robot to guide their

arms to complete the desired tasks, respectively. During conditions PA and

PP, the BCI system is used only to measure the brain activity.

Figure 5.11 shows the averaged PSD values across the subjects for C1, PA

and PP conditions. The averaged PSDs in PP are greater than conditions

C1 and PA throughout the movement. However, looking at the Figure, the

PSDs in PA and C1 are similar in α frequency band after the active period.

For further analysis, one and two tailed t-tests have been performed and the

resultant p-values are shown in Table 5.6.

Figure 5.11: PSD values of conditions C1, PA, PP
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Table 5.6: t-test results for C1, PA, PP

0-1 1.25-2.25 2.5-3.5 3.75-4.75

PSDC1 < PSDPA 0,596088 0,119425 0,077717 0,54833
PSDC1 < PSDPP 5,68E-03 3,20E-05 0,022491 0,00065
PSDPA < PSDPP 0,013885 0,01782 0,106211 0,014598
PSDC1/PSDPA 0,807825 0,238849 0,155435 0,903339
PSDC1/PSDPP 0,011365 6,39E-05 0,044982 0,0013
PSDPA/PSDPP 0,02777 0,03564 0,212421 0,029196

As expected, no statistically signi�cant di�erence is observed between

conditions C1 and PA while PSDs of PP are statistically signi�cantly higher

than C1 and PA. These results on average can be summarized as PSDC1 =

PSDPA < PSDPP , implying the active involvement of subjects. For the

BCI-based rehabilitation, this �nding is promising since it shows that a BCI-

based rehabilitation protocol under robot assistance with online modi�cation

of the task speed can help subjects to be actively involved throughout the

rehabilitation exercises, as much as them applying external forces to the

rehabilitation device. As a result, this protocol possesses high promise to

provide a positive e�ect on treatments.

5.3.3 Overall Results

Considering Table 5.7 and Table 5.8 presenting the overall t-test results for

each condition, the following conclusions can be extracted:

• The e�ect of haptic feedback with robotic assistance: During

both BCI-assisted and BCI-triggered conditions, the PSD values of the

brain activity under the e�ect of robotic assistance are statistically sig-

ni�cantly smaller than under visual feedback. These results have been

96



summarized as PSDC1 < PSDC4 and PSDC3 < PSDC5 throughout

the movement. Therefore, the bene�cial e�ect of the robotic assistance

on the motor imagery activity of subjects have been observed.

• The e�ect of online modi�cation of the task speed: The t-test

results between the BCI-assisted and BCI-triggered conditions under

both haptic and visual feedbacks has shown statistically signi�cant dif-

ference in only one timing window each. However, there is a trend

where the PSD values under BCI-assisted conditions are more consis-

tent and continuous than BCI-triggered conditions. This trend may

imply that BCI-assisted conditions impose active participation of sub-

jects throughout the movement where under BCI-triggered conditions,

the subjects may tend to lose their involvement. Yet, further exper-

iments are necessary to make a strong statement about the e�ect of

online modi�cation of the task speed.

• The e�ect of using a BCI system in rehabilitation: The pro-

posed BCI-based rehabilitation protocol under robotic assistance with

online modi�cation of the task speed has no statistically signi�cant

di�erence compared to PA condition where the subjects are asked to

perform the real movement with their own e�orts. This PA condition

is the gold standard in rehabilitation, therefore the proposed system

may be promising for the rehabilitation of patients with severe dis-

abilities. Moreover, the statistically signi�cant di�erence between the

proposed BCI-assisted condition and PP condition where the robotic

device leads the subjects' arm to complete the task claims that the

use of proposed protocol helps subjects to be more involved with the
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tasks throughout the movement. These �ndings can be summarized as

PSDC1 = PSDPA < PSDPP

The �ndings of this set of experiment is promising in terms of discussing

the bene�cial e�ects of the proposed BCI-based protocol under robotic as-

sistance with online modi�cation of the task speed. However, the e�ect of

online modi�cation with respect to triggered control requires more investi-

gation. Moreover, such experiments have been tested on patients instead of

healthy subjects.

Table 5.7: t-test results for all conditions - I

0-1 1.25-2.25 2.5-3.5 3.75-4.75

PSDC1 < PSDC2 0,001874 0,100908 0,045632 0,080617
PSDC1 < PSDC3 0,11222 0,098301 0,006446 0,109945
PSDC1 < PSDC4 2,80E-06 1,69E-03 1,02E-05 0,000178
PSDC1 < PSDC5 0,000753 4,84E-04 6,64E-07 1,51E-06
PSDC1 < PSDPA 0,596088 0,119425 0,077717 0,54833
PSDC1 < PSDPP 5,68E-03 3,20E-05 0,022491 0,00065
PSDC2 < PSDC3 0,631996 0,943474 0,39661 0,516314
PSDC2 < PSDC4 0,01322 0,013722 0,018646 0,110799
PSDC2 < PSDC5 0,130193 0,003783 0,00015 0,000159
PSDC2 < PSDPA 0,188848 0,227043 0,346034 0,445784
PSDC2 < PSDPP 0,115803 0,005504 0,070347 0,131887
PSDC3 < PSDC4 0,001237 0,04188 0,003073 0,000206
PSDC3 < PSDC5 0,026538 0,048532 2,91E-04 3,02E-07
PSDC3 > PSDPA 0,185512 0,162465 0,185022 0,805987
PSDC3 < PSDPP 0,046812 0,114913 0,165211 0,004412
PSDC4 < PSDC5 0,927666 0,685656 0,064351 0,001429
PSDC4 > PSDPA 0,003292 0,016636 0,005742 0,002358
PSDC4 > PSDPP 0,048138 0,11567 0,291817 0,022569
PSDC5 > PSDPA 0,024382 0,045381 0,010116 0,000176
PSDC5 > PSDPP 0,419453 0,190689 0,092892 7,81E-06
PSDPA < PSDPP 0,013885 0,01782 0,106211 0,014598
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Table 5.8: t-test results for all conditions - II

0-1 1.25-2.25 2.5-3.5 3.75-4.75

PSDC1/PSDC2 0,003749 0,201815 0,091264 0,161234
PSDC1/PSDC3 0,22444 0,196602 0,012893 0,219889
PSDC1/PSDC4 5,60E-06 0,00338 2,05E-05 0,000356
PSDC1/PSDC5 0,001507 0,000969 1,33E-06 3,01E-06
PSDC1/PSDPA 0,807825 0,238849 0,155435 0,903339
PSDC1/PSDPP 0,011365 6,39E-05 0,044982 0,0013
PSDC2/PSDC3 0,736007 0,113052 0,793219 0,967373
PSDC2/PSDC4 0,026441 0,027445 0,037293 0,221598
PSDC2/PSDC5 0,260385 0,007565 0,0003 0,000319
PSDC2/PSDPA 0,377695 0,454086 0,692068 0,891569
PSDC2/PSDPP 0,231607 0,011008 0,140693 0,263774
PSDC3/PSDC4 0,002475 0,083761 0,006146 0,000412
PSDC3/PSDC5 0,053076 0,097065 0,000582 6,05E-07
PSDC3/PSDPA 0,371025 0,324931 0,370045 0,388026
PSDC3/PSDPP 0,093625 0,229827 0,330422 0,008824
PSDC4/PSDC5 0,144667 0,628689 0,128702 0,002859
PSDC4/PSDPA 0,006583 0,033273 0,011484 0,004716
PSDC4/PSDPP 0,096276 0,23134 0,583634 0,045137
PSDC5/PSDPA 0,048765 0,090763 0,020232 0,000352
PSDC5/PSDPP 0,838905 0,381378 0,185783 1,56E-05
PSDPA/PSDPP 0,02777 0,03564 0,212421 0,029196
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Chapter VI

6 Conclusions and Future Works

We have developed AssistOn-Mobile a multi-DoF series-elastic actua-

tor based on a holonomic mobile platform to administer active therapeutic

table-top exercises with unlimited workspace. This device can provide as-

sistice/resistive forces to patients. The localization of AssistOn-Mobile

implemented through an Extended Kalman Filter that fuses measurements

of optical �ow sensors with motor encoders. To prevent compensatory move-

ments of the patients while performing therapies with AssistOn-Mobile,

shoulder and trunk movements of the patient is continuously monitored with

a Kinect (RGBD) sensor and online feedback is provided to the patient to cor-

rect their posture by regulating the task speed. We have also implemented

passive velocity �eld controller (PVFC) to ensure inherently safe, coordi-

nated and synchronized path tracking and reaching exercises performed with

a speed determined by the patient.

We also integrated a BCI with AssistOn-Mobile to control the speed

of contour following tasks based on the intention levels of patients estimated

by the EEG-based BCI system. In particular, continuous intention estimates

are extracted from LDA classi�ed by utilizing moving windows and/or pos-

terior probabilities and the speed of the task is modulated through PFVC

of AssistOn-Mobile. As a result, the more patients concentrate on the
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movement, the faster the robot moves, providing online haptic feedback and

helping increase the motivation of the patients. To compare the e�cacy of

the proposed BCI-assisted rehabilitation with AssistOn-Mobile, an exper-

iment has been designed and conducted with healthy volunteers. The results

of human subject experiments suggest that robotic BCI framework with on-

line modi�cation of task speed can ensure a higher level of engagement for

patients and promises to be as e�ective as human active rehabilitation pro-

tocols.

The future works include conducting human subject experiments with

a larger group of volunteers and testing the feasibility and e�cacy of the

proposed protocol on spline-cord injury patients. Increasing the robustness

of AssistOn-Mobile by properly constraining out-of-plane movements of

the series elastic element, addition of an inertial measurement unit to achieve

better short-term localization accuracy and integration of Kinect as a global

position/orientation sensor to help with global localization of the device are

also among our future works.
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