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Abstract

Robot technologies have been widely introduced in industrial fields so far, and im-
proved work efficiency. The robot research in the industrial have mainly focused on the
autonomous of robot under the environment where humans do not intervene. However,
thanks to recent highly-developed control and sensor technologies, the robot has become
possible to assist human movement and work with human. For example, exoskeleton robot
to assist human movement and general-purpose type humanoid robot are actively investi-
gated. A major feature of these robots is to physically interact with human. In particular,
since the assistive robot is controlled by the user wearing it, the human state changing dy-
namically has to be considered. Bio-signals have been extensively used to control assistive
robot by estimating human movement intentions. For these applications, using multiple
sensor channels is effective means to estimate user’s movement intentions in detail. How-
ever, multi-channel bio-signal-based control has yet to be feasible technology in real world
applications due to the difficulty of signal processing for the control. A robust estimation
of human motor intention will be a promising approach for the high affinity robot con-
trol. In this study, I propose robust estimation methods of human motor intention from
multi-channel Electromyography (EMG) or Electroencephalogram (EEG) to control assis-
tive devices, and develop hardware and software to realize the systems.

In the EMG-based assistive robot control, estimating human joint torques robustly
from muscle activities is the basic challenge. Most of conventional studies estimated joint
torques from small number of electrodes based on a model calibrated by a data set corre-
sponding to static load, and controlled the assistive robots with small degree of freedom.
However, since the muscle activities are different between the static and dynamic motion,
conventional data acquisition method can not describe the relations between joint torques
and EMG during motion. Second, since assistive exoskeleton robots can make physical
contact with environments or the limbs of human user, sensor electrodes and human mo-
tor intention might be affected. For example, the sensor electrodes can be dislodged from
the users or damaged by collisions in the physical interaction. In addition, the probabil-
ity of sensor electrode misplacement by human error increases as well as the sensor fault
occurrence with multiple sensor electrodes. Such sensor anomalies as the disconnection,
detaching of electrodes, and electrode misplacement cause significant errors in the estima-
tion of user movement and cause large unwanted interaction between the user and robot.
It seems difficult to use many sensor channels to control assistive robots, although using
multiple sensor electrodes is useful to estimate user movement intentions. In addition, if
the exoskeleton robot assist human joint movement as the consequence of interaction, the
human intentional joint torques are affected, and the original estimation cannot be used.
In this study, I propose methods to deal with above problems. For the model calibration,
torque-EMG data set during dynamic motion are acquired by introducing inverse dynamics
and bioengineering knowledge. Based on the data set acquisition, I propose robust estima-
tion model using redundancy of the multi-channel bio-signals to control assistive robot
with multi-degree of freedom by applying machine learning technologies. In addition, I
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also propose a controller considering human-robot interaction. Moreover, I try to control
the assistive robots by the human brain activities. In general, EEG which measure brain
signals in non-invasive is noisier than EMG, and it is difficult to capture the information of
motor intention and control the assistive robot. For the EEG-based assistive robot control,
real-time EEG-decoding and autonomous robot technologies are combined.

In this paper, I also show a developed force control systems composed of pneumatic
artificial muscles (PAM) and a hybrid PAM-electric motor driven system which were used
in this study to realize safe human movement assist by my proposed robot control methods.
The proposed method was evaluated by experiments with subjects.

In the EMG-based robot control experiment, the proposed dynamic joint torque estima-
tion method was evaluated by my developed biosignal-based vertical weight support system
simulating that the subjects have paralysis on one side of the body. The subjects performed
a one-leg squat with his left leg while his right leg was assisted by my proposed system
driven by vertical forces converted from estimated joint torques. In addition, in order to
validate the robustness of my proposed estimation framework, I artificially disconnect an
EMG electrodes, detach one side of an EMG probe from the skin surface, and intention-
ally misplace the two EMG electrodes during joint movement estimations and control the
exoskeleton robots. The results show that my proposed method can estimate human move-
ments based on EMG signals while conventional method was unable to deal with these fault
situations. Moreover, the stability of estimated joint torque feedback in assistive interac-
tion is evaluated with one-DOF exoskeleton robot assist experiment, and I show that the
proposed method is more stable compared to conventional method. Finally, I implemented
these proposed method to four-DOF assistive upper limb exoskeleton robot, and the results
show that the robot assist human drinking motion with fault tolerability and stability. In the
EEG-based robot control experiment, I implemented EEG-based squat support exoskeleton
system driven by motor imagery, and discuss the way of feedback.

These results are promising to improve the affinity of human and machine in our society
where the sensor and information processing technologies are developing. In addition,
these my studies can not only be used for movement support applications in daily life
and industrial but devices of neuro-rehabilitation, and are expected to develop for further
worthy causes.
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Chapter 1

Introduction

Life holds many mysteries and have yet to be unveiled. A lot of researchers investigate
the complex life system and the knowledge helps us develop technologies in human society.
Bio-inspired system is not only learning from nature but also applying them to design of
real world engineered system [1] [2] [3] [4] [5]. In particular, robotics has began to focus
on integration between human and robot [6] [7] [8]. In order to realize them, robots have
to control its own body with same intelligence of human.

Human body has many joints and each joint is driven by a lot of muscles and can be
independently controlled. Thus, when a human moves his/her limbs to some target point,
all related muscles must be controlled simultaneously. The number of related muscles is
larger than that of the joints, and this cause redundancy. Moreover, humans can control their
limbs robustly even if some signal path to transmit the control command is damaged [9].
Why humans can precisely control their own redundant musculoskeletal system by robustly
extracting the desired information? The redundancy problem of human body and dexterous
motor control has been investigated in several approaches [10], e.g., reduction of degree of
freedom, optimization, and synergy hypothesis. However, the discussion has been divided.
In addition, although the robustness of information transmission was also confirmed in
cellular signaling pathway [11], the mechanism has not been elucidated. From the control
point of view, the redundancy make the problem more difficult. On the other hand, the
redundancy contributes the robustness. Life system including humans take advantage of
the redundancy.

In this study, I aim to approach the intelligence through a development of robot control
strategy based on robust information extraction from redundant high-dimensional sensor
signals for human-robot integration.

1.1 Bio-signal based Assistive Robot Control

In resent years, developed countries are expected rapid increase in the aging population
ratio. Therefore, robots are now expected to good solution. Robotics have mainly focused
on autonomy of robots or manipulating for industry so far. However, thanks to recent
large-scale integrated circuit, sensor and control technologies, robot has become possible
to physically interact with humans and support human activities in industry and in daily life.
As a concrete application, using robotics technologies for the development of exoskeleton
robots [12] or prosthesis devices [13] is becoming an important research direction. In a
more recent years, the research for application of rehabilitation to recover the stroke and
spinal cord injury patients has also been carried out [12] [14] [15] [16] [17] [18], and bio-
signal based assistive control has been widely worked on. In the rehabilitation, the assisitve
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2 Chapter 1: Introduction

control corresponding to the spontaneous brain and nerve activities that comes from when
the patients tries to exercise their own paralyzed part of the body has been considered to be
important to recover. For example, a training system for paralyzed hands exercise based on
the muscle activities from healthy side of his/her hand were developed [19]. However, the
bio-signal based assistive robot has yet to have low feasibility despite the high efficiency.
One of the reason is instability and vulnerability of bio-signal for the control. Most of
conventional bio-signal based robot control studies have been done under small number of
channels and degree of freedom (DoF). In this study, I propose assistive control methods
based on human motor intention estimated robustly from Electromyography (EMG) or
Electroencephalogram (EEG) aiming to alternate or compensate the human motor function
with high affinity, and develop hardwares to realize the assisitve control.

1.2 Research Target

A part from the assistive devices specially designed for rehabilitation purpose, which
simply repetitively generate pre-designed joint angle trajectories [20] [21] [22] [23] [24]
[25] [26]. However, these position based assist control strategies force the user into the
robot and to follow the trajectories. Some studies experimentally show that humans control
their own limbs by calculating the inverse dynamics in the brain, and the muscles are acti-
vated to realize the joint torques as a solution. In order to support human movement, it is
important to estimate forces from human and control assist devices. Therefore, force con-
trol would be better than the position control to support human movement related to their
muscle forces. Developed devices in this study are force controllable based on estimated
human motor intention from bio-signals.

To control assistive devices based on bio-signals, EMG has been widely used since it is
closely related to muscle activities [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38].
For these applications, using multiple sensor channel is a promising approach to estimate
the intentions of user limb movements in detail [39] [40]. However, the multi-channel
make the assistive robot control more difficult. Physical interaction between human and
robot is quite characteristic of assistive robot. This interaction affect bio-signal itself and
human motor intention. For example, the state of sensor electrode might be changed, and
the human motor intention might also be affected due to the assist forces from device. In
addition, if we increase the number of sensor channels, the probability of sensor electrode
misplacement by human error might also increase. These anomalies cause significant errors
in the estimation of user movements and an unexpected assistive device motion. Since
assistive devices such as exoskeleton robots always contact with the limbs of human users,
these sensor anomalies can be dangerous for the user. It seems difficult to use many sensor
channels to control assistive robots, although using multiple sensor electrodes is useful to
estimate user’s multiple movement intentions. Moreover, if the exoskeleton robot assist
human movement as the results of physical interaction with estimated torque, the human
intentional force output might be affected. This possibly cause system instability. In the
bio-signal based assist robot control, conventional studies typically set small feedback gain
to prevent system’s instability.

On the other hand, EEG has also been used to control assistive devices since the user
can control assistive devices without actually moving his/her limbs. In order to control the
devices based on EEG signals, it is necessary to consider how to capture the feature of
human motor intention from EEG and control the assist devices. Because the EEG which
measure brain activities with multi-channel in non-invasive is more noisy than EMG, and
it is more difficult to estimate the human motor intention in detail for the assistive control.
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Figure 1.1: Challenges of this study. For the EMG-based control, I first propose EMG-
torque data acquisition technique during dynamic motion for the estimator. Second, I
propose a robust estimation model with multi-channel EMG sensors. Third, I propose
controller under human-robot interaction. For the EEG-based control, I propose brain-
controlled robot system that combining EEG-decoding and autonomous exoskeleton robot
control technology.

Therefore, EEG-based assistive robot control faces big challenges, while it is expected to
be useful for rehabilitation application of patients such as stroke and brain paralysis patients
who can not move his/her limbs.

Based on these, I set the basic challenges as follows (see fig. 1.1);

• Robust torque estimation from reliable EMG sensors in dynamic motion for assistive
devices control to make stable human-robot interaction.

– To estimate joint torques during a user’s dynamic movement, I first simultane-
ously measure the joint trajectories and the EMG profiles of a subject. Then,
the torque sequences that corresponds to the measured joint angle trajectories
are derived using inverse dynamics. Although previous studies also estimate
joint torques from EMG, the torques and EMG profiles were measured when
a subject generate the torques in a static situation, e.g., generate forces with
constant angle and load. On the other hand, to find the relationship between
the target dynamic torques and the measured EMG signals, I built a real-time
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torque estimation model, which consider the non-linearity between the EMG
and muscle forces.

– Second, I consider using multi-sensor channel information to cope with sen-
sor anomaly for bio-signal based robot control. Because the sensor anomaly is
likely to occur for bio-signal based assistive device where the physical interac-
tion among human, robot, and environment exists. In order to extract sensor
anomaly, I focus on the muscle cooperativeness and the bio-signal redundancy
in machine learning framework.

– Third, I consider the way of feedback of estimated torques or forces to assistive
devices. Because the human motor intentions are affected by the interactions
from the assistive robots.

• EEG-based assistive robot system which can support human intended movement by
user’s brain activities.

– I apply the autonomous control technologies of humanoid robot as a basic func-
tion for the assist devices and I also try to control them based on real-time
EEG-decoding feedback system which can directly capture the human motor
intention.

I discuss them in the next chapter in detail.
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1.3 Configuration of the Thesis

The rest of this paper is organized as follows. In chapter 2, I show the related works
and explain my study. In human motor control study, feed-forward control by calculating
the inverse dynamics is considered to be as most likely in dynamic voluntary movement
[41], and the muscle activities are transmitted as the motor commands from the brain [42].
Therefore, The electromyography (EMG) which can measure muscle activities has been
widely used for assistive robot research because it is effective to estimate human movement
and forces.

A lot of previous studies tried to control assistive robots based on EMG [27] [28] [29]
[30] [31] [32] [33] [34] [35] [36] [37] [38]. These conventional studies capture the relation-
ship between EMG and torques by static load situations e.g., gives the static load on his/her
knee in the situation where the subject sit on the chair and measured the EMG related to the
joint torque [32] [33] [38]. Then, feedback to the system based on the relations. However,
the stiffness and impedances of human joints are different between static and dynamic mo-
tion [43] [44] [45] [46]. From them, It can be said that the control criteria are different in
the static and dynamic motion, and the data set acquisition need to be done during the dy-
namic motion. In addition, there is a non-linearity between the muscle activities and mus-
cle forces. Therefore, EMG-torque data set acquisition and non-linearity of EMG-muscle
forces are the basic challenges. In addition, to control assistive devices, multi-channel
EMG has been a promising approach. However, if the number of sensor channels increase,
the probability of sensor anomaly occurrences might also increase. Since assistive devices
such as exoskeleton robots can make physical interaction with environments or the limbs of
human users, sensor electrodes can be dislodged from the users or damaged by collisions.
In addition, sensor electrodes misplacement is likely to occur by human error with multiple
sensor channels. Such sensor anomalies cause significant errors in the estimation of user
movements. The large deviation of estimated from actual user movements can cause large
unwanted interaction joint torques between the robot and the user, and damage the assisted
user’s limbs. It seems difficult to use many sensor channels to control assistive robots, al-
though using multiple sensor electrodes is useful to estimate user’s multi-degree of freedom
movement intentions. Furthermore, the estimated torques have typically been fed back to
assistive system by multiplying gain in most of conventional studies. However, the human
intentional joint torque might be affected by the physical interaction with robot, and the
feedback gain need to be carefully set not to cause system’s instability. In this study, I cope
with the effect of interaction explicitly for feedback to realize stability even in the case of
the problem appears.

Chapter 3 describe my proposed method for EMG-based robot control considering that
challenges. In order to evaluate the bio-signal based assist control strategy during dynamic
motion, I first show my newly developed EMG-based weight support system driven by esti-
mated joint torques. The joint torques are estimated from the model calibrated by using the
floating base inverse dynamics and considering the non-linearity between EMG and muscle
forces to describe the relations between EMG and torques during dynamic motion. In addi-
tion, to estimate joint torques robustly even when the sensor anomaly is occurred, I propose
robust human movement estimation. When human moves his/her limbs, muscles related to
driven joints are activated cooperatively. I assume that the relations among muscles can be
measured by correlation structure of multi-channel EMG sensors and the structures do not
collapse while all of the sensors are normal. From this assumption, the anomaly sensors
are found by focusing on the muscle correlation structure. Then, estimate the target value
using the redundancy of multi-channel bio-signals. Furthermore, I show the stability of
EMG-based force feedback controller which explicitly considers human-robot interaction.
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Chapter 4 describe the devices used in this study. The systems in my experiments are
actuated by Pneumatic Artificial Muscles (PAM) and Electric Motors, and can precisely
control the big forces to support human weight.

Chapter 5 shows the experiment and results of EMG-based control. The experiments
were conducted with subjects and assistive robot. In the first experiment, to validate my
system’s control performance in dynamic motion, four healthy subjects performed a one-
leg squat with his left leg while right leg was assisted by my proposed EMG-based weight
support system. I used the vertical force estimated from the measured EMG signals as a
control input to the system. I compared EMG magnitudes with four different experimen-
tal conditions. To validate the robustness of my proposed control framework using multi-
channel EMG against sensor anomaly. In the experiment, I artificially disconnect and EMG
electrodes or detach one side of an EMG probe from the skin surface during the joint move-
ment estimation to control the robot. I show proper control of assistive robots based on the
estimated joint torques using my proposed method even when EMG electrodes have sen-
sor problems; a standard method with no fault tolerability against uncertain observations
was unable to deal with these fault situations. From these, the robots could be controlled
stably by multi-channel EMG to support human dynamic movement with fault tolerability.
To assist human movement stably by exoskeleton robot based on estimated human joint
torques, I apply human-robot interaction relationship to EMG-based force feedback con-
troller. Conventional approaches have been only consider one-directional mapping from
EMG to control input for assistive robot control. However, EMG and force generated by the
assistive robot interfere each other, e.g., amplitude of EMG decreases if limb movements
are assisted by the robot. On the other hand, in my proposed method, the feed forward
interaction torque is feedback into torque controller to acquire the necessity loads. Finally,
my proposed robust multi-channel EMG-based assistive robot control was implemented to
four-DOF upper limb exoskeleton robot to support human drinking motion with subjects.
In this experiment, we consider the two sensor simultaneous anomalies; sensor electrode
disconnection and detaching. In addition, we also consider the two EMG electrodes mis-
placement. The results show that our proposed method can robustly estimate human joint
movement even under the anomaly situations and the robot properly assist human drinking
motion based on human motor intention with fault tolerability and stability.

In chapter 6, I discuss the EEG-based feedback systems and assist strategies. Recently,
brain activity based assistive devices in rehabilitation has been getting useful to recover
brain paralysis or stroke patients [47]. Namely, the brain activity which is the source of
exercise based assistive system is important for neuro-rehabilitation. In this study, I also
show my attempt to develop an EEG-based assistive robot system which can contribute
to Brain-Machine-Interface (BMI) rehabilitation. For the BMI rehabilitation, I contribute
to construct a Electroencephalogram (EEG)-Exoskeleton robot system, where the robot
is connected to the EEG system so that the users can control the exoskeleton robot by
using their brain activities. The decoded brain activities are used to control exoskeleton
movements by binary classification. This study consider assisting the stand-up movement
which is one of the most frequently appeared in daily life and also a standard movement as
a rehabilitation. The results shows that the exoskeleton robot successfully assisted user’s
stand-up motion, where the assist system was actuated by the decoded brain activities.

I finally conclude and show future direction of this study in chapter 7.



Chapter 2

Related Works

Estimating human motor intention from multi-channel bio-signal is expected way to
assist human movement with assistive devices according to the user’s state. On the other
hand, conventional studies have often used small number of bio-signals and control as-
sistive robot with simple controller. In order to realize high affinity physical interaction
between human and robot, we need to estimate target value of motor intention robustly
from multi sensor channels and control the devices safely. In addition, force controllability
of hardware is important, because the assist ratio of the robot can be adjusted. In this chap-
ter, I show some related works from these point of view, and propose my approach with the
problems of conventional studies.

2.1 Position based assist control

Most conventional studies tried to assist human movement by position based control
[24] [25]. For example, feedback the estimated human joint angles or walking cycle to the
assistive robot [48], the robot track the human joint angles [23] [21] [22], assist human by
controlling the robot with pre-defined joint trajectories [20] [26]. However, these position
based controller can not adjust the assist ratio. In addition, the position based control might
forces the user to move his/her limbs by the robot and can give restraint feeling to the user.
In order to assist human movement, force control is more effective because it can fit the
forces according to human state. In this study, I developed soft and hard ware for assist
system which can control forces.

2.2 Human motor control model

It has been shown experimentally that human movement (which means voluntary move-
ment in this paper) is performed by not only feedback but feed-forward control [49]. In
order to explain the feed-forward control, some conventional studies mainly proposed a
hypothesis of virtual trajectory theory that human activates his/her muscles following the
pre-defined equilibrium point to attain some task in stead of calculating the inverse dynam-
ics in the brain [50] [51] [52] [53]. However, D.Bannett et al., [43] [44], Gomi and Koike
et al., [45] [46] showed that impedance and stiffness of human in dynamic motion is lower,
and Katayama et al., also showed that the virtual trajectory became complex with that low
impedance and stiffness value in human kinetic model which has two links and six muscles
although the simple task [54] [55]. Since this complexity is mathematically equal to cal-
culating the inverse dynamics, the hypothesis that human being compute inverse dynamics
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8 Chapter 2: Related Works

based on internal model has become a leading [41]. On the other hand, P.Cheney et and
E.Fetz et al., reported that motor cortex transmit muscle activations as a control command
to realize movement [42]. From these studies, since the EMG signals during dynamic mo-
tion can be regarded as a control command to perform the target motion, estimating driven
joint torques from EMG is useful for healthy people and patients who have residual func-
tion. Dealing with the data set during dynamic motion is important because the control
criteria between static and dynamic motion is different. The method of estimating joint
torques and muscle forces from EMG is shown in the following section.

2.3 Calibration of joint torque and EMG

EMG has been investigated in a lot of studies because it contains motor control in-
formation [37] [38] [36], and recently used in rehabilitation application [19]. In order to
describe the non-linearity between muscle activities and forces, Hill proposed a muscle
model [56]. Some studies implemented the Hill model to estimate muscle forces finding
parameters of that non-linear function [57] [58]. Others estimated human movement from
EMG considering the non-linearity by machine learning techniques (e.g.,neural networks),
and controlled upper limb exoskeleton robot [29] [28] [30] [31]. However, these neural
network algorithm require a lot of cost to learn parameters (after it called calibration) with
increase the number of sensor channels and hidden layer. In addition, some reported that
although the consideration of non-linearity using machine learning techniques like neural
network, a significant improvement of the muscle force estimation is not seen compared to
Hill’s muscle model [27] [28].

C. Fleischer et al., controlled one-leg exoskeleton robot based on estimated human
joint torques from EMG using Hill type muscle model [35]. However, the calibration was
conducted in the static situation and they could not describe the relationship between EMG
and joint torques during dynamic movement as shown in 2.2. Namely, estimating joint
torques from EMG using data set related to dynamic motion is the basic challenge.

2.4 Joint torque estimation from multi-channel EMG for
assistive robot control

EMG has been widely used to control assistive devices for detecting human movement
intentions. For example, the following types of EMG-based robot control devices or robots
have been investigated: hand prostheses [59], upper prostheses [60] [61] [62], lower pros-
theses [63] [64], hand exoskeletons [65] [66] [67], upper limb exoskeletons [68] [69], and
lower exoskeletons [70] [71] [33] [72] [35]. For these applications, using multiple sensor
channels is a promising approach to estimate user movement intentions [73] [39] [74] [40].

However, increasing the number of sensor channels also raises the probability of sensor
fault occurrences such as sensor electrode disconnection, and misplacement. In addition,
since prostheses or exoskeleton robots can make physically interaction with environments
or the limbs of human users, the sensor electrodes can be detached from the users or be
damaged by the physical contact. In particular, since such sensor anomalies cause unex-
pected motions of the assistive devices, these sensor anomalies can be dangerous. There-
fore, perhaps using many sensor channels is not a suitable approach to control assistive
robots, but using multiple sensor electrodes is useful to estimate user movement intentions.

Previous studies proposed EMG sensor fault detection methods to cope with sensor
electrode disconnection and detaching failure situations. Most focused on independently
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monitoring the information of each EMG channel to find a fault sensor [75] [76] [77]
[78] [79] [80] [81]. For example, Variance Weighted Average (VWA) copes with sensor
disconnection [77]. In this approach, two EMG signals are fused into one signal based on
the signal variance to determine the weight parameter and to monitor increases of the sensor
signal variance. However, since the variance of the sensor signal might not always increase
when sensor fault occurs, this method can only be used for limited fault situations. Using
such higher order statistics as skewness and kurtosis to capture the changes of probability
distribution for sensor fault detection has also been proposed [78]. However, since this
approach requires batch calculation to derive higher order statistics, it might not be suitable
for online robot control. Extracting sensor fault by monitoring the deviation from the mean
values of each EMG sensor channel output is a simple and useful approach since it can be
easily implemented. The cumulative sum (CUSUM)-based fault detection method, which
uses the deviation from the mean value, controls an assistive device [79] [80]. However, this
simple approach needs careful threshold tuning to define the fault state and an observation
period to monitor the deviation from the mean.

2.5 EMG-based controller of assistive robot

EMG-based controller for assistive robot movement has been the long term research
field addressed in several studies, and EMG signal was considered as control command
source related to human intention. time-varying estimated joint torque,τ̂emgas intentional
torque, was estimated and feed-backed into the controller. Typically, feedback torqueτrobot
was

τrobot← α1τ̂emg, (2.1)

where theα1 is the feedback gain; provided that estimating human intentional torque
(τhuman) is equivalent to torque estimated from EMG (e.g.,τhuman= τ̂emg). However, if
the exoskeleton robot assists human intentional torqueτhumanshould be affected and can
not use the original estimation. Additionally, if the exoskeleton completely assist human
movement, in ideal caseαa = 1, the next moment gives human joint torqueτhuman= 0,
resulting inτrobot = 0. This actually doesn’t occur in practical application because there
are dynamics of muscle activity and EMG decreases with time delay. More practically,
interaction is rather complex that the constraint between human and robot is incomplete,
and that the joint rotation axis is different. At least, increasingα1 reducesτhuman, and rises
the system’s instability.

2.6 Brain controlled assistive robot

In recent years, BMI (Brain Machine Interface) systems to control lower-body and
upper-body exoskeleton robot became a focus of bio-signal based assistive robot control
research as well as the EMG. Since the BMI system can control the devices and assist
user’s motion by brain activities without the actual movement of user’s limbs, the systems
have attracted attention mainly in neurological rehabilitation applications. Some conven-
tional studies tried to control assistive devices using invasive methods [82]. However, since
invasive methods have the risks associated with surgery and degradation in signal qual-
ity, non-invasive methods to measure brain activities are generally preferred. There are
several non-invasive techniques acquiring brain activities: functional magnetic resonance
imaging (fMRI) [83], near-infrared spectroscopy (NIRS) [84], magnetoencephalography
(MEG) [85], electroencephalography (EEG) [86] and so on. Among them, the EEG has
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been widely using for brain-controlled robot, because it has high time resolution, less en-
vironmental limits (portability).

Controlling assistive devices based on human motor intention decoded from EEG is
challenging problem, because it is difficult to extract enough information to completely
and safely control the robot. In addition, the non-invasive EEG has difficulty in decoding
brain states under physical interaction which is generated by actuating the robot, because
the EEG is easy to pick up noises. In order to control assistive devices using such a rough
information, robust estimation of human motor intention and high performance controllable
robot systems are needed.

2.7 Device development

I introduce practical device to support human movement. Some studies developed ex-
oskeleton robot for military purpose [21] [22] [23], improvement the working efficiency
in factory [16], and farming [17]. Others developed power suits as a welfare device [14]
[32] [33] [34], walking support device [18] [15] for rehabilitation, and also have proposed
brain activities based robotic assist device to support recovering brain function for brain
paralysis. The exoskeleton robot has been developed in many studies and the purpose is
wide-ranging.

Most of these exoskeleton robots target to be used for healthy user, and there is few
devices for un-healthy user (e.g., spinal cord injury and brain paralysis patients). Therefore,
they (device for healthy subject) don’t need to have high spec to support full weight of user
and most of them don’t deal with high forces. In addition, as noted in section 2.1, most of
conventional controllers of exoskeleton robot are based on position or angles, and does not
have force, balance, and self-control. From the point of rehabilitation view, it is necessary
to develop new system because there is a limitation of existing devices.
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2.8 The problems of conventional studies and the solution

Fig. 2.1 shows the research target of my EMG-based robot control study. For achieving
the purpose, I show the problems of conventional studies and the solution shortly in this
section. In addition, I briefly explain the EEG-based robot control which have challenging
problems.

This study

Low computa!onal cost

Mul!-sensor channel

Mul�-DoF Controllability

Detailed Es�ma�on model

System robustness

C. Fleischer et al., [2008]

Muscle model

Kazuo Kiguchi et al., [2012]

Neural network model

He Huang, et al.,  [2010]

Classifica!on of anomaly

Yuhong Liu, et al.,  [2011]

Threshold decision

Natalia M Lopez, et al.,  [2009]

Signal fusion

S. Lee, et al., [2005]

Propor!onal control

Tommaso Lenzi et al., 

[2012]

Trade Off Trade Off

Trade Off

Figure 2.1: Positioning of this study

2.8.1 Torque-EMG data set acquisition during dynamic motion

Some conventional studies aimed at practical application used linear model to estimate
joint torques from EMG [14] [36]. However, since the approximate range of estimation is
limited, the non-linearity of muscle activities and forces can not be described. On the one
hand, Fleischer et al.,[35] as shown in section 2.3 estimated lower limb joint torques by
the function calibrated in static motion (e.g., measure the EMG and joint torque data set
when subject are loaded in sitting state.) while they used muscle model. However, they
also can not match the correspondence relation during the dynamic motion because the
non-linearity of velocity is excluded. In addition, they did not consider the change of lower
limb joint torques based on ground reaction force.

In order to assist human movement, the joint torques are need to be estimated by control
command of voluntary motion and feedback to assistive devices. However, it is impossi-
ble to measure the joint torques in the dynamic motion directly, and technically difficult to
acquire the EMG-torque data set related to the dynamic motion. In this study, I propose
to acquire the EMG-torque data set in the dynamic motion by introducing floating base
inverse dynamics which can consider the ground reaction force especially for lower limb
movement. Then, the muscle activities are converted to non-linearity based on the biome-
chanical knowledge [57] and estimate the joint torques by the linear model calibration
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which can be expected to high generalization in spite of the low calibration cost.

2.8.2 Robust joint torque estimation with multi-channel EMG for as-
sistive robot control

In order to detect anomaly EMG sensor channels, the previous approaches need to mon-
itor the long period of the EMG signal sequence because they only rely on the temporal
profiles of the data and do not consider such spatial information as the relationships be-
tween the different EMG signals measured by different sensor electrodes. Consequently,
these methods aren’t useful to extract immediate changes in sensor conditions and are not
preferable for real-time robot control. Indeed, most conventional studies tend to end up
only showing the fault detection performance without presenting the results of robot con-
trol [78] [79] [81]. Moreover, a threshold that is used to define the fault situation needs to
be carefully determined because appropriate thresholds can vary among participants or for
different EMG electrode placements.

In this study, I propose using multi-sensor channel information to extract sensor faults
to cope with sudden sensor failure for biosignal-based robot control. I focus on developing
a measurement system with multi-sensor channels to have fault tolerability. For such the
system, I propose that the tolerability is realized by focusing on the muscle cooperativeness
and the redundancy of bio-signals. Concretely, correlation structure of EMG is used so
that I can use not only the temporal profiles but also the spatial information to quickly
extract sensor anomaly. In this study, I assume two types of situation. One situation is that
assistive system with multi-sensor channels but not too many, and the fault state can be
predictable. Supervised learning such as classification method can be used in this situation.
The other is that the assistive system with multi-channels and the sensor fault state can not
be predictable. In such case, I address the problems in unsupervised learning framework.

2.8.3 EMG-based robot control under interaction

The problem that eq3.30 is not closed form, becauseτemgis dependent to theτrobot. Dur-
ing the assist, the human torque controller should decrease joint torque to achieveτhuman.
In this study, I consider the following hypothesis based on torque coordination controller
as follows,

τ̂emg= τhuman− τrh, (2.2)

whereτrh is interaction assistive torque applied from robot to human, andτ̂emg is the sim-
plified human muscle activity as desired joint torque to achieveτhuman.

2.8.4 Real-time EEG-based assistive robot control

Brain computer interface (BCI) is developed for people who is hard to control their
own body spontaneously to improve their quality of life in several studies [87] [88]. In
more recent study, the BCI technologies have been investigating to decode brain states
from non-invasive EEG signals into commands to control assistive robot for rehabilitation
application [89] [90]. However, most of conventional studies investigated the performance
of EEG-based feature extraction in off-line and few studies proposed real-time EEG-based
assistive robot system.

Although the EEG can be used portably and safely, small signal-to-noise ration cause
the difficulty in robustly decoding enough information to control external devices. EEG-
based exoskeleton robot is challenging problems. Shared control system consisted of brain
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control and autonomous robot control (e.g., self balancing, walking and so on) is one key
to make a breakthrough the difficulty [91]. In this study, I contributed to develop an shared
controlled real-time EEG-exoskeleton robot systems which can support user’s movement
by his/her own motor imagery (the mental execution of a movement without any overt
movement or without any muscle activation).



Chapter 3

Robust Hman Motor Estimation using
Multi-channel EMG to Control Assistive
Robot

3.1 Joint torque acquisition with Floating Base Inverse Dy-
namics for dynamic motion

To derive joint torques during dynamic motion from joint angle trajectories, an inverse
dynamics model of an approximated subject body is used. If we consider lower limb motion
such as squat which is involved in daily behaviors different from previous studies that
worked on estimating knee movements from EMG signals when a subject was siting on a
chair [72] [92], it is need to explicitly take the ground reaction forcesfgr f into account. For
this purpose, we use floating base inverse dynamics:

M(θ)θ̈ +h(θ , θ̇)+g(θ) = S⊤τ +J⊤c (θ)fgr f , (3.1)

whereθ represents the general coordinate system of the joint angles,M(θ) is the floating
base inertia matrix,h(θ , θ̇) is the floating base centripetal Coriolis,g(θ) is the gravity
force,S is the actuated joint selection matrix, andJc is the Jacobian matrix which represents
relationships between joint angle movements and deviations of contact points. If thefgr f
can be measured by force sensor, the inverse dynamics torques can be computed from
(3.1). However, this approach is undesirable because the force sensors must be located
at all contact points. Therefore, we calculate the torques and the ground reaction forces
that correspond to the joint angles, the velocity, and the acceleration by computing the QR
decomposition ofJc [93]:

J⊤c = Q
[

R
0

]
(3.2)

whereQ is orthogonal, andR is an upper triangle matrix of rankk if given rank(Jc) = k.
We can decompose the dynamics (3.1) into two independent equations from (3.2).

ScQ⊤(M θ̈ +h+g) = ScQ⊤S⊤τ +Rfgr f (3.3)

SuQ⊤(M θ̈ +h+g) = SuQ⊤S⊤τ (3.4)

Though the equations (3.3) and (3.4) are independent, the full dynamics is represented with
either equation. The equation (3.4) describes the full dynamics without ground reaction

14
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forces, and the ground reaction forces are computed from (3.3), whereS= [In×n 0n×6],
Sc =

[
Ik×k 0k×(n+6−k)

]
, andSu =

[
0(n+6−k)×k I (n+6−k)×(n+6−k)

]
. In×n is a unit matrix of

then rows andn columns.

3.2 Estimating muscle force

The muscle force is derived by using the Hill-Stroeve model [56] [58] from EMG sig-
nals. The model takes the nonlinearities of the muscle length-tension relationship and
force-velocity relationship:

ui
t = k(ξ i

t )h(η i
t ,ξ i

t )q
i
t , (3.5)

where each non-linear functionk(·) andh(·) cites Hatze’s parameterized fitting function
[57] with two parametersa1 anda2. qi

k is full-wave rectified and a low-pass filtered signal
of raw EMG signalei

k. I use the second order Butterworth filter. the Hill-Strove model used
in (3.5). Theh(η i ,ξ i) andk(ξ i) are computed as follows:

h(η i ,ξ i) =
1+ tanh(a1η̇ i−a2)

b2
−b1e−2.6(ξ i−1) (3.6)

k(ξ i) = 0.32+0.71e−1.112(ξ i−1)

×sin(3.722(ξ i−0.656)) (3.7)

whereξ i = l i(θ)
l i,n , η i =

˙ξ i(θ)
vi,max , vi,max= 3.0, l i(θ) is the current length of musclei, l i,n is

its natural length, andvi,max is its maximum contraction rate. In this study, the natural
muscle length is approximately set as the same to the link length. The current muscle
length is computed by adding partial periphery length of the joint pulley to the natural
muscle length with considering the current joint angle.b1 = [1− tanh{a1(1+a2)}]/b2
andb2 = tanh{a1(1+a2)}. The parameters,a1 anda2, depend on the muscle type, and the
approximate range of values fora1 anda2 area1 = 1.6 to 2.7 and 2.9 to 3.8, anda2 =−0.05
to 0.1 and−0.01 to 0.1 for fast and slow fibres, respectively. In this paper, we defined these
parameter for each muscles experimentally by repeating the cross-validation to minimize
the error of torque estimation.

We consider tendon-pulley linear model between joint torques from inverse dynamics
and muscle forces to estimate joint torque from EMG. The parameters to estimate joint
torques are determined by the least square estimation method to minimize the error between
them.
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Figure 3.1: Schematic diagram of our proposed fault tolerant biosignal-based control ar-
chitecture. It selects a proper torque estimation model based on classifier output. Fault
channel is identified by logistic regression where input to the classifier is the correlation
among EMG signals.

3.3 Robust joint torque estimation model with multi chan-
nel EMG

In this study, I propose to use correlation structure to find EMG sensor anomaly as-
suming that human move his/her own limb by activating muscle cooperatively related to
joint, and this relations acquired by multi-channel EMG do not collapse while all sensors
are normal.

3.3.1 Supervised learning framework

To evaluate my proposed method using multi-sensor channel information (correlation
structure of EMG) for extract sensor faults. I first focus on developing a measurement
system with multi-channels but not too many channels. For such a measurement system,
I consider a classification method to extract a fault situation for which we do not need to
explicitly design a threshold. Figure 3.1 shows a schematic diagram of my proposed fault
tolerant architecture in classification framework.

To find sensor faults, we classify the fault channel by logistic regression using the cor-
relation among the EMG sensor channels. Since muscles are synergetically activated to
generate target movements as pointed out in previous studies [94] [95] [96] [97], the cor-
relation among muscle activities can be a useful feature to classify sensor fault situations.
The correlation of thei-th and j-th EMG channels is given as:

r i j =
ci j√

cii
√

c j j
, (3.8)

wherer i j represents thei-th row and thej-th column element of the correlation matrix and
ci j is thei-th row and thej-th column element of the covariance of the EMG signals. The
covariance can be derived asci j =

1
N ∑N

k (e
i
k− ēi)(ej

k− ēj), whereei denotes thei-th EMG
signal and ¯ei is the mean. Then we use the off-diagonal elements of the lower triangle part
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of the correlation matrix as the classifier input. Assuming that we simultaneously mea-

sureM EMG channels, the input vector is represented asz⊤ =
[
z1,z2,z3, . . . ,zM(M−1)

2

]⊤
=

[r12, r13, r23, . . . , rM−1,M]⊤. In the experiments, the correlation matrix is computed every
time step with a 100-msec sliding window, where the window size is determined by cross
validation.

Here we label the normal state of the EMG channel as classS1 and the fault state as
classS2. A linear discriminant function that separates classesS1 andS2 is represented by
the weighted sum of each input value:

f (z;v) =
D

∑
i=1

vizi +v0, (3.9)

wherez= [z1, ...,zD,1]
⊤ is the augmented input feature vector inD = M(M−1)

2 dimensional

space andv= [v1, ...,vD,v0]
⊤ is a parameter vector including biasv0. Hyperplanef (z;v) =

0 determines the boundary between two classes. In logistic regression, the log odds of the
probabilities of P(S1|z) and P(S2|z) calledlogit are represented as a linear function of input
vectorz:

ln

(
P

1−P

)
= f (z;v). (3.10)

ProbabilityP can be derived:

P=
1

1+exp(− f (z;v))
= P(S1|z). (3.11)

It ranges from 0 to 1 and equals 0.5 when f (z;v) = 0. As output of the logistic regression,
binary random variabley is introduced. The input data in classS1 are paired with output
y= 1, while the input data in classS2 are paired with outputy= 0. Given a data set ofN
paired samples(e1,y1),(e2,y2), ...,(eN,yN), the likelihood is given as:

P(y1, ...,yN|z1, ...,zN;v) =
N

∏
n=1

P(yn|zn;v) (3.12)

=
N

∏
n=1

Pyn
n (1−Pn)

1−yn.

Next we optimize parameter vectorv so that the likelihood function is maximized. If proba-
bility P> 0.5, the measured EMG sensor signal is classified asS1; otherwise it is classified
asS2.

I robustly estimate human joint torque from EMG signals for the torque control of an
assistive device even when sensor faults suddenly occur. In my fault tolerant EMG-based
robot control strategy with classification, I selected a reliable torque estimation model based
on the output of the sensor fault classifiers so that information from the failure channel is
not utilized in the torque estimation:

τ̂ ←
{

τ̂all (∏M
n=1yi = 1)

τ̂−i (yi = 0),
(3.13)

where estimated torquêτ is given by model̂τall , which uses all the channels to estimate the
joint torque, or by model̂τ−i , which does not use the detectedi-th fault channel. In other
words, if one of the sensor channels has a problem, one of the torque estimation models,
τ̂−i , is used. Otherwise we use estimation modelτ̂all .
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Since EMG nonlinearity was considered in a previously introduced model, here I as-
sume the simple linear tendon-pulley model [98] and estimate the joint torques from the
EMG signals: {

τ̂all = w⊤all uall

τ̂−i = w⊤−iu−i .
(3.14)

Considering the non-linearity of EMG [99], input variablesuall and u−i for the linear
tendon-pulley models are represented as follows:

uall =
[
u1,u2, ...uM,u0]⊤ ,

u−i =
[
u1,u2, ...,ui−1,ui+1, ...,uM,u0]⊤ , (3.15)

whereM is the number of sensor channels and elementui is the preprocessed EMG signal
related to muscle forces as shown in section3.2.

Parameter vectorswall andw−i in Eq. (3.14) are derived using the least square method
to minimize the error between target torqueτ, as in previous studies [72] [100] [98], com-
puted from the inverse dynamics shown in section3.1 of a subject’s movement and esti-
mated torquêτ:

In my proposed approach, the joint torque estimation model is switched when a sensor
fault is detected. Therefore, the torque command profile can contain the discontinuity. To
cope with this problem, we introduce first order dynamics for torque outputτ̂ in Eq. (3.14):

γ ˙̄τ =−τ̄ + τ̂, (3.16)

whereγ represents the time constant of the dynamics. We set the time constant toγ = 100
msec, which is close to the time difference between the EMG signal observation and the
corresponding muscle force generation [100]. Then smoothed torque outputτ̄ is used as
the final torque command to the robot.

3.3.2 Unsupervised learning framework

In the supervised learning method with logistic regression for sensor fault detection,
the threshold is determined by the learning method. This method is useful in limited situa-
tions because the anomaly detection problem can be treated with classification. However,
scalability is limited since I need to prepare all possible sensor failure situations to train
the supervised learning method. In order to estimate human movement from EMG with
fault tolerability in unsupervised learning framework, I propose a novel approach. Most
previous EMG-based control studies consider EMG signals to be user control commands,
and the user commands of EMG signals are converted to the joint movements of the robot
by linear conversion model [68] [72] or a nonlinear neural network model [69] [100]. In
this study, I consider EMG signals to be observation variables and estimate user intended
movements from observations (Fig.3.2). By treating the EMG-based control problem as
an estimation problem of user movement intentions from observed EMG signals, we can
properly handle noise problems and sensor failure situations. We propose a state estimation
model that can cope with uncertain observations, where the uncertainty is determined by
an anomaly detection method. Sensor channel anomalies are found by checking the current
covariance of the EMG signals measured by multiple EMG electrodes against the normal
condition.
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Figure 3.2: Schematic diagram of our proposed estimation method of human joint move-
ments from observed EMG-signals for assistive robot control even under sensor failure
situations with using multiple EMG electrodes.

Body dynamics and movement pattern generation models

In our movement estimation approach, we use a movement model composed of for-
ward body dynamics, movement pattern generation model, and EMG-signal observation
model. We assume that the joint movement intention is represented as a sequence of the
joint torques. Below we introduce how we combine these three models to estimate user
movement intention.

Forward body dynamics

As presented in Fig.3.2, we consider joint angleθ , angular velocityθ̇ , and joint torque
τ as internal state of the human movement model:x(k) = [θ⊤(k), θ̇⊤(k),τ⊤(k)]⊤. As a
part of the human movement model, we consider forward body dynamics:

[
θ (k+1)
θ̇ (k+1)

]
= F

(
θ (k) , θ̇ (k)

)
+G

(
θ (k) , θ̇ (k)

)
τ(k)+

[
wθ (k)
wθ̇ (k)

]
, (3.17)

whereF and G can be derived from identified exoskeleton robot parameters and from
knowledge of human body parameters.wθ and wθ̇ represent system noise that can be
also used to cope with modeling errors.
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Pattern generation model

As the pattern generation model, we use a linear dynamics:

τ(k+1) = A
[

θ (k)
θ̇ (k)

]
+Bτ(k)+wτ(k), (3.18)

so that overfitting problem can be better avoided while the model can represent movement
trajectories better than the constant model which was frequently used for estimating param-
eters in a state estimation model. However, the model complexity can be selected according
to purpose of a target task. The model parametersA andB can be derived from the mea-
sured motion profiles for finding the model parameters. Joint torques profiles to identify
these parameters are derived from the inverse dynamics of a subject and a robot.

Observation model

As presented in Fig.3.2, we consider processed EMG signalsu in (3.5) as observation
variables of the human movement model:

u(k) = Cx(k)+v(k) . (3.19)

We used a linear observation model since previous studies have been find that the processed
EMG signals can have linear relationship with joint torque [35] [68] [101]. Processed

EMG signalsu(k) =
[
u1(k),u2(k), · · · ,ui(k), · · · ,uM(k)

]⊤
are observed by usingM EMG

channels. Elementui is calculated fromi-th EMG signalqi by considering non-linearity as
shown in 3.2. whereqi is the full-wave rectified and low-pass filtered signals of the raw
EMG signalei .

Observation matrixC in Eq. (3.19) and nonlinear shape factor in Eq. (3.5) are op-
timized using the MATLAB Optimization Toolbox to minimize the following cost func-
tion: ∑k (u(k)−Cxtarget(k))

2, wherextarget = [θ⊤target, θ̇⊤target,τ⊤target]
⊤ is the measured mo-

tion profiles for finding the model parameters andτtarget, as in previous studies [72] [100]
[98], which were computed from the inverse dynamics of a subject’s and robot’s arms.

In this study, we design covarianceR(k) of observation noisev(k) ∼N (0,R(k)) in
Eq. (3.19) so that the observation model can take the sensor failure situations into account.
The covariance is represented as:

R(k) =


σe1 +a1

kσa · · · 0
...

...
σei +ai

kσa
...

. . .
0 · · · σeM +aM

k σa

 . (3.20)

Hereσa indicates basis noise variance which is used to represent uncertainty comes from
sensor failure. The size of the uncertainty is scaled with the anomaly scoreai of the i-th
channel, where the anomaly score is calculated by monitoring the muscular coordination
as we introduce in the next subsection. In this study, we simply setσa = 1 while this
parameter could be optimized.σei is the observation noise variance of each EMG sensor
channel without sensor failure situations.
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Anomaly score calculation

Here we introduce how we calculate the anomaly scoreai in (3.20). Given EMG sensor
data setD ,

D =
{

en|en ∈ RM,n= 1,2, ...,N
}
, (3.21)

whereN denotes the number of samples andM denotes the number of sensor channels, i.e.,
e= [e1,e2, ...,eM]⊤. ei is the raw EMG signal measured byi-th channel. The probability of
the sample can be represented byM-dimensional Gaussian distribution:

N (e|0,Λ−1) =
det(Λ)1/2

(2π)M/2
exp

(
−1

2
e⊤Λe

)
, (3.22)

whereΛ∈RM×M represents a precision matrix which is the inverse matrix of a covariance.

Sparse inverse covariance learning

Here, we assume that the data setsD has been standardized to have zero mean and unit
variance. Then, the empirical covariance matrixSof the EMG data sets is given by

S=
1
N

N

∑
n=1

ene⊤n . (3.23)

Here we derive a precision matrixΛ of the multivariate Gaussian in (3.22). However,
since the sample covariance matrix is often rank deficient and the inverse does not exist,
using a regularization method is necessary. In this study, as suggested in [102] [103],
we considerL1-norm regularization to find the sparse precision matrix by maximizing the
objective function:

Λ∗ = arg max
Λ

[lndetΛ− tr(SΛ)−ρ ||Λ||1] . (3.24)

When block coordinate descent algorithm is used for the objective function in (3.24) [102]
[103], we focus on a particular single channelei and set partition for the precision matrix
Λ and its inverse as

Λ =

(
L l
l⊤ λ

)
, S≡ Λ−1 =

(
S s
s⊤ σ

)
, (3.25)

where the rows and columns are always arranged so that thezi-related entries are set in the
last row and column. Therefore,L,S∈ R(M−1)×(M−1), λ ,σ ∈ R, andl ,s∈ RM−1.

Anomaly score

The difference between the two data setsD̄ andD in terms ofi-th sensor channel is
measured by Kullback-Leibler (KL) divergence of the probabilistic models:

di,D̄D ≡
∫

dhi pD̄(hi)
∫

dei pD̄(ei |hi) ln
pD̄(ei |hi)

pD(ei |hi)
, (3.26)
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where,hi = [e1, · · · ,ei−1,ei+1, · · · ,eM]⊤. Since we assume a Gaussian distribution, the
expected KL divergencedi can be computed as follows [104]:

di,D̄D = s̄⊤(l − l̄)

+
1
2

{
l⊤S̄l

λ
− l̄
⊤

S̄̄l

λ̄

}

+
1
2

{
ln

λ̄
λ
+ σ̄

(
λ − λ̄

)}
. (3.27)

Thedi measures the change in the neighborhood graph of thei-th node.
The other measuredi,DD̄ also exists and is obtained by replacingD with D̄ in the above.

Then, the anomaly score of the i-th variable is defined as follows:

ai ≡max(di,DD̄ ,di,D̄D). (3.28)

Using above calculations, we derive the anomaly score which is used in (3.20).

Internal state estimation

By combining the forward body dynamics model (3.17) and torque pattern generation
model (3.18), we can represent the movement model as an autonomous system, i.e., dy-
namics without explicit control input:

x(k+1) = H(x(k))+w(k), (3.29)

wherex(k) = [θ⊤(k), θ̇⊤(k),τ⊤(k)]⊤ andw =
[
w⊤θ ,w

⊤
θ̇ ,w

⊤
τ

]⊤
. w(k)∼N (0,Q(k)) is the

zero mean Gaussian system noise withQ as its covariance.H(x) represents the internal
state dynamics composed of the functions (3.17) and (3.18).

Then, with considering the observation model introduced in (3.19), we can estimate the
internal state by using a state estimation method. For example, the Kalman filter has been
used to extract the user’s motion intention from brain activities [105]. In this study, we use
the extended Kalman filter [106].
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3.4 Estimated joint torque feedback controller consider-
ing interaction

EMG has been widely used to estimate joint torques to control assistive devices such as
exoskeleton robot. Typically, feedback torqueτrobot was

τrobot← α1τ̂emg, (3.30)

where theα1 is the feedback gain. However, if the exoskeleton robot assists human in-
tentional torqueτhumanshould be affected and can not use the original estimation. Addi-
tionally, if the exoskeleton completely assist human movement, in ideal caseαa = 1, the
next moment gives human joint torqueτhuman= 0, resulting inτrobot = 0. This actually
doesn’t occur in practical application because there are dynamics of muscle activity and
EMG decreases with time delay. More practically, interaction is rather complex that the
constraint between human and robot is incomplete, and that the joint rotation axis is differ-
ent. At least, increasingα1 reducesτhuman, and rises the system’s instability. The problem
is that eq3.30 is not closed form, becauseτemg is dependent to theτrobot. During the assist,
the human torque controller should decrease joint torque to achieveτhuman. In this study, I
consider the following hypothesis based on torque coordination controller as follows,

τ̂emg= τhuman− τrh, (3.31)

whereτrh is interaction assistive torque applied from robot to human, andτ̂emg is the sim-
plified human muscle activity as desired joint torque to achieveτhuman. Here I propose the
coordinated torque feedbackτrobot as follows.

τrobot← α1τ̂emg+α2τrh. (3.32)

The first term is same as eq.(3.30), and the second is the coordination term for discounted
EMG by assistive intentional based on eq.(3.31). As described, I installed coordinating
term for discounted EMG signal in eq.(3.32). This term is conceptual because direct mea-
surement of this termτrh is very difficult (consider where to insert the torque/force sensor).
It is equivalent to the evaluation of assistive torque in each joint that human received as the
results of human-robot interaction.

Here I design the interaction estimated effect using human-robot kinematics.

τrh = J⊤h Jrτrobot, (3.33)

whereJr is the forward kinematic of the robot from generated torque to the force at the in-
teraction point, andJ⊤r is the static kinematic model from the interaction force to assistive
joint torque, e.g., theJh denotes the Jacobian relating human joint angle rates with interac-
tion point (considered as end effector).τrobot is desired torque to be generated in the joint.
Note that, in this design, the interaction is modeled as the feed-forward (no feedback from
sensors), and the effect ofα2 depending on the controller frequency. Eq.(3.33) is provided
with the following simplified human-robot interaction;

• Simplifying interaction at static related point (as contact is usually on plane such as
robot’s belt bounding human body)

• Ignorable moment transferred (similar kinematic skeleton/structure)
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Assistive Devices

4.1 Pneumatic-Electric Hybrid Actuator (PEHA-system)

In this chapter, I introduce exoskeleton system used in this study. While many exoskele-
ton robots are controlled by position based controller, the torque based control is suitable to
support human movement because the exoskeleton eventually control the interaction force
to assist human user movements. In order to control forces, Pneumatic Artificial Muscles
(PAM) and electric motor are used as the actuator.

While the PAM is very light-weight, it can generate large force by converting pressured
gas energy into the contraction force through its rubber tubes. The force generation princi-
pal is the path contraction of the spiral expansion embedded by the pneumatic bladder.

However, in the large force operation, PAM torque control is difficult because the wire
extension cases large error of PAM force generation. On the other hand, the motor conse-
quently cannot generate large torque to cover it. In order to address this problem, previous
study developed Micro-Mini Actuation system [107]. But this system could be actuated
in limited range. Our previous study improved PAM force model and developed better
the Pneumatic-Electric Hybrid Actuator (PEHA) torque controller. The motor torque can
be transmitted in parallel, e.g., small torque is transferred through a mechanical belt. The
PAMs excel at generating DC or low frequency torque, and additionally small electric mo-
tor covers error ofτPAMs as quick and high frequent torque but can be small.

τ = τPAM+ τmotor. (4.1)

Where, theτmotor is motor torque and theτPAM is PAM torque. The PAM torque is gen-
erated by converting the PAM forcef to the torque through the wires and the pulley as
follows,

τPAM =
fPAM1− fPAM2

r0
, (4.2)

wherer0 is the pulley radius and is constant setup in this system. In order to make PAM
force controller better, the tendon-spring equilibrium model of PAM was proposed in our
previous study. The PEHA-system and PAM model are explained in next section.

4.2 One-DOF exoskeleton robot

Fig.4.1 shows One-DOF exoskeleton robot developed in our study to evaluate PEHA-
system and tendon-spring model. I explain the PEHA-system using this One-DOF ex-
oskeleton in detail. The PAM forcefPAM is generated by path contraction of spiral fibers

24
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Figure 4.1: PAM-Electric Hybrid system. the upper PAM is the flexor muscle and the lower
is the extensor muscle. Two PAMs antagonistically generate large force transmitted to a
joint through the wires. The small electric motor additionally generates torque to the joint

embedded in a pneumatic bladder. PAM pressurep can be controlled by a proportional
pressure valve. The PAM force model [108] [109] which depends on the PAM pressure
and the contraction rate is represented as:

fPAM =
πD2

0

4
3

tan2ψ0
(1− ε)2p− 1

sin2ψ0
, (4.3)

whereε is the contraction rate,D0 is PAM diameter, andψ0 denotes angle of the embedded
spiral fibers when the PAM pressure is equal to the atmosphere pressure. This can be
reformulated as a quadratic function of the contraction:

fPAM = g(ε, p) = p(aε2+bε +c), (4.4)
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wherea,b andc are as follows:

a=
3πD2

0

4tan2ψ0
, b=−

3πD2
0

2tan2ψ0
,

c=
πD2

0

4

(
3

tan2ψ0
− 1

sin2ψ0

)
, (4.5)

and these parameters are determined at calibration process from measured data by using the
load cell, the valve pressure, and the encoder. To generate desired joint torqueτ∗PAM by the
one-DOF robot, first, corresponding desired PAM forcef ∗PAM is derived by the force-torque
conversion model (4.2). Then, desired valve pressurep∗ can be calculated from the inverse
modelp∗ = g−1( f ∗PAM;ε) with considering the current contraction rateε.

The major torque for movement is covered by PAM, and actual torque can be measured
from Load Cell (LC). The high frequency torque is generated by motor. The desired motor
torque is

τ∗motor= τ∗− τPAMs. (4.6)

4.3 Lower limb exoskeleton robot

Fig.4.2 shows Lower limb exoskeleton robot (XoR) developing in Dept. of Brain Robot
Interface, ATR, Computational Neuroscience Labs. This XoR has ten degree of freedom
and six PEHA-system active joints.

In this study, the vertical assistive force for stand-up motion is generated as:

τ = J⊤F, (4.7)

whereJ is the COM Jacobian matrix,F is the desired virtual forces to assist stand-up mo-
tion, andτ is the desired torque at each joint of exoskeleton robot. Here we only consider
the vertical force and assume that horizontal force applied to COM of user-robot system,
and vertical force support is most important for daily life basic motion.
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Figure 4.2: Lower limb exoskeleton robot (XoR) ; Height: 1.5m, weight: 24kg. XoR
has ten degree of freedom and six active joints. Each active joint uses hybrid actuator
composed of air muscle and an electric motor. XoR is designed to assist human lower-limb
movements.

4.4 Upper limb exoskeleton robot

Fig. 4.3 shows the upper-limb exoskeleton robot developing in our study. This upper
limb exoskeleton robot has four degrees of freedom: Shoulder Flexion/Extension (SFE),
Shoulder Abduction/Adduction (SAA), Elbow Flexion/Extension (EFE), and Wrist Flex-
ion/Extension (WFE) joints. Each joint torqueτPAM is mainly generated by a Pneumatic
Artificial Muscle (PAM), and the SFE and EFE joints are also actuated by electric motor
outputτMotor. Details of the mechanical design and the torque-based control method are
presented in [110].
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Figure 4.3: Upper limb exoskeleton robot with has four degrees of freedom: Shoulder Flex-
ion/Extension (SFE), Shoulder Abduction/Adduction (SAA), Elbow Flexion/Extension
(EFE), Wrist Flexion/Extension (WFE). SFE and EFE joints are actuated by the Pneu-
matic Artificial Muscle (PAM) and Motor. SAA and WFE joints are actuated by PAMs,
which are located apart from the joint and robot link and generate forces. Each PAM force
is transmitted to the joint through Bowden cables and the pulley. Motor torque is applied
to the SFE and EFE joints.

4.5 PAM-Weight Support System

To support human squat motions, I develop a weight support system (Fig. 4.4), where
the actuator is a paired pneumatic artificial muscles (PAMs).

I use 1.4 m length PAM (FESTO Inc.,) which has 10 mm diameter and 25% contraction
rate from natural length. According to the specification provided by FESTO Inc., the PAM
can generate 630 N maximum force. The system is about 0.8 kg without including air
compressor and valve. In addition, the system can operate up to 0.5 Hz with the amplitude
of 0.35 m. These specifications were experimentally validated as described later.

While PAM is lightweight, it can produce large force; converting pressured gas energy
into contraction force through its rubber tubes. The force is generated by the path contrac-
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Figure 4.4: Torque tracking performance of PAM-based weight support system with fre-
quencies of 0.1 Hz, 0.25 Hz and 0.5 Hz. 30 kg weight was attached to the bottom of the
support system.

tion of the spiral fiber expansion embedded by the pneumatic bladder. With proportional
pressure valves, PAM pressurep can be controlled. The force generated by PAM depends
on the pressurep and the contraction rate, the PAM force model [108], [109] is given in4.2.

At the calibration stage, we obtain load cell variables that measure the actual vertical
PAM force, the valve pressure, and the contraction rate by periodically changing the loads.
Using the least-square method, we estimate the PAM parameters in (4.4) with using the
initial values in (4.5) and initialize encoder so that we can find an initial length of PAM to
calculate PAM contraction rate. For the quadratic regression of (4.4), we consider forces
and contraction rates as inputs and the valve pressure as output. Figure 4.4 shows the
frequency responses of the PAM-based weight support system. We obtained the data by
generating support force with a range from 100 N to 300 N. The amplitude error and the
phase error are shown in Fig. 4.4. From these performance, this PAM-weight system is
enough to support human squat motion.
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Experiment of EMG-based Assistive
Robot Control

5.1 EMG-Driven Weight Support System in dynamic squat
motion

In order to evaluate estimated torque performance in dynamic motion, I use Weight
Support System shown in 4.5.

Weight support is essential in rehabilitation for lower limbs, where standing up, step-
ping, walking, or balancing movements can be involved. In conventional weight support
systems, assist force is typically constant and operational height ranges are limited. There-
fore, weight support devices have only been used for safety or fault tolerance instead of
actively changing amount of weight support. On the other hand, for active weight and
movement support, research attention on the development of an exoskeleton robot is in-
creasing [14] [15] [18] [35] [111] [112]. However, it remains difficult for therapists to
work with such systems since exoskeleton robots generally require complicated setups. In
this study, I propose EMG-driven weight support system that has a wider operational range
and can adaptively change the amount of support rather than simply generating constant
force. To satisfy above specifications, I used Pneumatic Artificial Muscles (PAMs) with
force sensors and a device to measure the PAM length. PAMs are used for robotics appli-
cations [112] [113] [114] [115] [116]. Fig. 5.1 shows a schematic diagram of our proposed
weight support system.

In this experiment, I estimate knee and ankle joint torque from measured EMGs. I first
simultaneously measure the joint angle trajectories and the EMG profiles of a subject. Then
the torque sequence that corresponds to the measured joint angle trajectories is derived
using inverse dynamics . Although previous studies also used inverse dynamics to estimate
knee-joint torque from EMG signals, the knee movements were generated when a subject
was sitting [72] [92]. To deal with such daily-life related behaviors as squat movements,
I must explicitly consider the ground reaction force in inverse dynamics. Therefore, I use
floating base inverse dynamics as explained in 3.1.

5.1.1 Experimental setup

Figure 5.2 shows the control strategy of the proposed weight support system. First, I
measure the EMG signals and the joint angles simultaneously from the left leg during the
normal squat motion and the parameters of the tendon-pulley model in (5.1) are estimated
from the acquired EMG and joint angle data. Then the online operation of the weight

30
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Figure 5.1: Schematic diagram of our proposed weight support system: up-and-downward
movements are assisted with the force estimated from measured EMG.

support system is as follows:

1. Online EMG and joint angle measurements during the motion.

2. Derive the muscle force from the Hill-Strove model as shown in 3.2.

3. Estimation of the knee and ankle joint torques by using the tendon-pulley model with
the identified parameters.

4. Calculate the vertical assist force from the estimated knee and ankle joint torques
by using the Jacobian matrix which represents the relationship between the joint
movements and a hip position movement.
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Figure 5.2: Control strategy of weight support system. Muscle forces are estimated from
full wave rectified and bandpass filtered EMG signals. Joint torqueτ̂ is derived from the es-
timated muscle force by using tendon-pulley model. Then, the derived torque is converted
to desired assist forcefpam for PAM by taking measured joint angles into account.

5.1.2 EMG to Joint Torque estimation Model

I consider knee and ankle joint estimation torquesτ̂t and muscle forcesut using the
following standard simple linear model:

τ̂t = w⊤ut , (5.1)

whereut =
(
u1, . . . ,um,1

)⊤
is the muscle contraction force andw =

(
w1, . . . ,wn,w0

)
is

the model parameter vector of a constant pulley model at knee and ankle joints. These
parameters are determined by the least square estimation method to minimize the torque
estimation error:

E =
1
2

N

∑
t=0

(τt− τ̂t)
2 , (5.2)

where the target torqueτt is derived from the inverse dynamics model as explained in the
following section.N is the number of the training sampling.

Weight Support Force

Finally, the estimated joint torques are converted to the force inputs for the PAM with
using joint angle information measured by the goniometers. The measured joint angles are
used to derive the Jacobian matrix:

J =

[
∂yhip

∂θknee

∂yhip

∂θankle

]
, (5.3)

whereyhip denotes vertical hip position,θknee denotes left knee joint angle, andθankle
denotes left ankle joint angle (see also Fig. 5.2). By using the derived Jacobian, we convert
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Figure 5.3: EMG electrode and goniometer placements.

the estimated knee and ankle joint torques to the vertical support forces:

fPAM = (JJ⊤)−1J
[

τ̂knee
τ̂ankle

]
, (5.4)

whereτ̂kneeandτ̂ankle are estimated left knee and ankle torques respectively.

5.1.3 Calibration

PAM Pressure to Force Model

At the calibration stage, I obtain load cell variables that measure the actual vertical PAM
force, the valve pressure, and the contraction rate by periodically changing the loads. Using
the least-square method, I estimate the PAM parameters in (4.4) with using the initial values
in (4.5) and initialize encoder so that we can find an initial length of PAM to calculate PAM
contraction rate. For the quadratic regression of (4.4), I consider forces and contraction
rates as inputs and the valve pressure as output. Figure 4.4 shows the frequency responses
of the PAM-based weight support system. I obtained the data by generating support force
with a range from 100 N to 300 N. The amplitude error and the phase error are shown in
Fig. 4.4.
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Figure 5.4: Torque estimation performance. The estimated knee and ankle joint torques
from EMG signals is indicated by solid line. Target joint torque profile derived from joint
angle trajectory with using floating base inverse dynamics model is plotted by dashed line.
This estimation performance is evaluated with using a test dataset which is not used for
finding parameters of tendon-pulley model in (5.1).

EMG to Joint torque model

The parameter of the tendon-pulley model in (5.1) was estimated from squat motion
data for 30 seconds with different frequency and depth. In other words, the number of sam-
ples used to find the parameters wasN = 7500. Figure 5.3 shows the placements of EMG
electrode and goniometers. We measured EMG signals of the femoral muscle (Channel 1:
e1), the biceps muscle of the thigh (Channel 2:e2), the vastus medialis muscle (Channel
3: e3), the vastus lateralis muscle (Channel 4:e4), the tibialis anterior muscle (Channel 5:
e5), the lateral head of the gastrocnemius muscle (Channel 6:e6), and the medial head of
the gastrocnemius muscle (Channel 7:e7). The left leg pitch angles of hip, knee and ankle
joints are measured by goniometers. Then the measured joint angles are used in the floating
based inverse dynamics model. I sample the amplified EMG and goniometer signals with
sampling rate of 250 Hz, i.e., sampling period is∆t = 4 ms.

To estimate the knee joint torque, I compute muscle forces with a augmented input

for bias estimation:u =
(
u1, . . . ,u7,1

)⊤
from the EMG signals measured by the seven

sensor channels. Similarly, the ankle joint torque is estimated by three muscle forcesu =(
u5,u6,u7,1

)⊤
. u1 is derived from the femoral muscle activity,u2 is from the biceps muscle

of the thigh,u3 is from the vastus medialis muscle,u4 is from the vastus lateralis muscle,u5

is from the tibialis anterior muscle,u6 is from the lateral head of the gastrocnemius muscle,
andu7 is from the medial head of the gastrocnemius muscle.

Figure 5.4 shows torque estimation performances. This estimation performances are
evaluated with using a test datasets which are not used for finding parameters of tendon-
pulley model in (5.1). The correlation between the predicted knee torques from the EMG
signals and target torque trajectories was 0.86 and the root mean squared error was 33.9
Nm. The correlation coefficient between the predicted ankle torques from the EMG signals
and target torque trajectories was 0.86 and the root mean squared error was 8.62 Nm. These
results indicate that our torque estimation method from the EMG signals is useful to control
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Figure 5.5: Experimental setups. (a) normal two-leg squat, (b) one-leg squat without using
the assist system, and (c) one-leg squat with the weight support. In experimental setups (b)
and (c), subjects are instructed to touch the wall to maintain the balance.

our PAM-based weight support system. Note that since the knee joint torque is dominant in
the squat movement, we mainly analyze the EMG signals around knee joint in subsection
5.1.5.

5.1.4 Assisting Squat Movements

I compared EMG magnitudes with four different experimental conditions: (i) normal
two-leg squat, (ii) one-leg squat without the assist system, and (iii) one-leg squat with
EMG-based weight support, (iv) one-leg squat with constant force support, where the con-
stant force is derived as the mean value of target assist force calculated from the floating
base inverse dynamics. Fig. 5.5 shows the three squat experimental setups used for the four
different experimental conditions.

I set two different frequencies as lower and upper limit for each squat in order to validate
real-time assist performance of the weight support system: 0.2Hz for the slow dynamic
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motion and 0.5Hz for fast dynamic motion. 0.2Hz was decided as the lower limit that the
subject was able to squat continuously with using one leg without weight assist. 0.5Hz was
the upper limit that was able to be controlled accurately with respect to the response of the
valve from the result of PAM calibrations in Section 5.1.3. Four healthy subjects took part
in the experiments (age 23-30, males). The subjects were instructed to match the timing of
squat motion to metronome sound.
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Figure 5.6: Squat movement profiles of each subject with frequencies of 0.2Hz and 0.5Hz
among the four different experimental conditions with box plot. Blue line shows normal
squat, green line shows one-leg squat without weight support, red line shows one-leg squat
with EMG-based weight support and yellow line shows one-leg squat with constant force
support. (a),(b): Mean and variance of knee joint angles of representative subject during
one cycle 0.2Hz and 0.5Hz squat movements in the four different squat condition. (c)-
(j): Squat movement profiles of the vastus medialis and the vastus lateralis muscle with
frequencies of 0.2 Hz and 0.5Hz.
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5.1.5 Results

In this subsection, I show the results of real-time assist performance of the squat move-
ments by using the developed weight support system.

Individual data analysis

Figure 5.6 (a) and (b) show mean and variance of the knee joint angles of representative
subject (subject A) during one cycle 0.2Hz and 0.5Hz squat movements in the four different
squat conditions. Figure 5.6 (c-1)-(c-8) show the mean and variance of EMG signals mea-
sured from the vastus medialis muscle (e3) and the vastus lateralis muscle (e4) of subject A
during one cycle 0.2Hz squat movements in the four different squat conditions, and (c-9)
shows the box plot of the corresponding EMG magnitude. Figure 5.6 (d-1)-(d-8) show the
mean and variance of EMG signals measured from the vastus medialis muscle (e3) and the
vastus lateralis muscle (e4) of subject A during one cycle 0.5Hz squat movements in the
four different squat conditions, and (d-9) shows the box plot of the corresponding EMG
magnitude. Figure 5.6 (e) and (f) show the EMG data of subject B. Figure 5.6 (g) and
(h) show the EMG data of subject C. Figure 5.6 (i) and (j) show the EMG data of subject
D. We focused on monitoring these two muscles, i.e., vastus medialis and vastus lateralis
muscle, because these knee-joint related muscles mainly contributed to generate the squat
movements. All the EMG profiles in Fig. 5.6 are low-pass filtered with cut-off of 2 Hz and
full wave rectified.

As presented in Figs. 5.6(a) and (b), the subject generated squat movements with the
similar amplitude and frequency in the four different squat conditions. Figures 5.6 (c)-
(j) show that the amplitudes of EMG signals in the four different squat condition. These
results indicate that the magnitude of EMG signals in the normal and the EMG-based assist
conditions are less than that in the one-leg condition and than that in the constant-force-
based assist conditions are little less.

Table 5.15.2 shows the Root Mean Square (RMS:
√

1
T

∫ T
0 x(t)2dt for 30 seconds,T =

30) of raw EMG signals from seven muscles (e1 ∼ e7) with the two different movement
frequencies of 0.2 Hz and 0.5 Hz in the four different squat conditions. Results in Table
5.15.2 show that the vastus medialis muscle activities (e3) and vastus lateralis muscle ac-
tivities (e4) in (i) the normal squat conditions and (iii) the one-leg squat with EMG-based
weight support are comparable in each subject while these muscle activities are much larger
in (ii) the one-leg squat without weight support condition. These two muscles in (iv) the
one-leg squat with constant force support are also assisted, but not as much as EMG-based
weight support.

On the other hand, for other five muscles, we did not observe consistent differences
in EMG signals in the four different experimental conditions among the four subjects (see
also Table 5.15.2). For subject D, we found much larger muscle activities on the tibialis
anterior musclee5. This is possibly due to the subject D intensively uses that muscle to
maintain the balance during the squat movements.
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Table 5.1: The Root Mean Square (RMS) of the raw EMG signals (Subject A and B)
Subject A

Squat frequency EMG RMS (× 10−2 )
(i) (ii) (iii) (iv)

0.2 Hz e1 5.50 9.61 7.29 8.78
e2 1.78 3.47 2.65 2.30
e3 11.9 22.5 14.1 20.5
e4 12.6 22.1 16.7 21.3
e5 26.7 8.13 15.9 7.18
e6 2.29 4.56 3.06 3.08
e7 2.67 5.95 2.65 2.24

0.5 Hz e1 11.6 23.2 11.9 16.8
e2 2.80 4.30 3.77 3.70
e3 20.0 33.4 22.0 29.3
e4 27.2 45.5 28.2 38.1
e5 34.8 16.9 10.1 8.52
e6 1.65 2.42 2.39 2.70
e7 1.62 1.73 2.68 2.13

Subject B
Squat frequency EMG RMS (× 10−2 )

(i) (ii) (iii) (iv)

0.2 Hz e1 7.29 12.5 8.03 10.0
e2 3.21 5.00 4.54 4.97
e3 16.0 29.7 21.0 23.5
e4 19.8 42.2 25.6 36.0
e5 8.57 11.4 9.71 4.47
e6 5.30 10.1 5.73 4.83
e7 4.94 12.4 12.9 9.10

0.5 Hz e1 10.6 13.3 9.84 13.7
e2 3.22 5.03 4.49 4.71
e3 19.8 30.5 22.8 28.7
e4 28.8 47.7 32.3 47.1
e5 8.08 4.68 8.42 5.08
e6 7.67 8.90 5.70 8.42
e7 6.28 12.8 12.7 10.7
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Table 5.2: The Root Mean Square (RMS) of the raw EMG signals (Subject C and D)
Subject C

Squat frequency EMG RMS (× 10−2 )
(i) (ii) (iii) (iv)

0.2 Hz e1 7.31 12.3 8.91 11.8
e2 3.87 4.22 4.13 4.82
e3 25.1 35.9 25.5 35.2
e4 21.5 30.0 23.9 29.2
e5 34.6 26.7 19.4 29.6
e6 2.70 5.45 5.74 4.43
e7 4.00 9.22 9.94 7.50

0.5 Hz e1 11.3 16.1 12.8 15.6
e2 4.00 5.51 4.37 5.40
e3 30.6 41.5 32.5 41.0
e4 26.0 33.7 29.2 34.2
e5 30.9 18.4 18.0 18.9
e6 2.62 7.38 7.29 6.05
e7 2.58 7.42 10.6 8.23

Subject D
Squat frequency EMG RMS (× 10−2 )

(i) (ii) (iii) (iv)

0.2 Hz e1 7.43 14.6 10.1 14.0
e2 1.64 4.49 3.33 4.90
e3 5.79 20.3 9.68 18.1
e4 17.1 31.7 24.0 29.6
e5 85.4 102 102 90.2
e6 1.87 2.15 2.19 2.08
e7 7.59 5.55 6.29 7.85

0.5 Hz e1 9.81 16.8 12.5 15.9
e2 2.22 8.12 4.45 4.88
e3 8.77 21.1 14.1 21.3
e4 23.4 37.6 26.5 34.7
e5 111 124 102 102
e6 2.25 2.43 2.15 2.06
e7 10.1 8.86 5.65 7.38
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Figure 5.7: Statistical comparisons with bar plots of the vastus medialis muscle and the
vastus lateralis muscle %MVC across all subjects. Blue bar shows normal squat movement,
green bar shows the one-leg squat movement without weight support, red bar shows the
one-leg squat movement with EMG-based weight support, and yellow bar shows the one-
leg squat movement with constant force support. (a):0.2Hz squat movement. (b):0.5Hz
squat movement.

Integrated data analysis

Figures 5.7 (a) and (b) show the average %MVC of the vastus medialis muscle activities
(e3) and vastus lateralis muscle activities (e4) with the two different movement frequencies
of 0.2 Hz and 0.5 Hz in the four different squat conditions across all subjects. The %MVC
is normalized muscle activity (e) for each subject and each muscle separately, by using
maximum value of rectified and low-pass filtered EMG signal (emax): %MVC = e/emax.
This allows comparing among different subjects. Where, theemax is the maximum value
of the muscle activitye, which is calculated in each experiment and regarded as the muscle
activity level of maximum voluntary contraction in this study. We applied at-test to the
average %MVC of (ii) one-leg squat without the weight support, (iii) one-leg squat with
the EMG-based weight support, and (iv) one-leg squat with the constant force support with
reference to (i) normal two-leg squat. I found a significant difference between (i) and (ii)
(p<0.01) and between (i) and (iv) (p<0.05), but we found no significant difference be-
tween (i) and (iii) (p>0.05) in the 0.2Hz squat movements. And I also found a significant
difference between (i) and (ii) (p<0.01) and between (i) and (iv) (p<0.01), but found no
significant difference between (i) and (iii) (p>0.05) in the 0.5Hz squat movements. These
results suggest that the developed weight support system can assist the left leg of the sub-
jects with the similar force that the right leg supposed to generate using a PAM-based
weight support system. My system is controlled by the force estimated from the EMG
signals of the left leg, assuming that humans move both left and right legs with the same
force while squatting. The constant force support also assisted, but the effectiveness was
less than EMG-based weight support. Consequently, we showed that the usefulness of our
proposed weight support system for actively assist subjects by using the measured EMG
signals.
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Discussion

In this experiment, I introduced our newly developed PAM-based weight support sys-
tem which can be controlled by the estimated joint torques with the online EMG measure-
ment. The parameters of the torque estimation model are calibrated with using an inverse
dynamics model which represents physical property of a subject. In particular, I consid-
ered using floating base inverse dynamics to explicitly take the ground reaction force into
account so that we can treat the movements with both feet on the ground such as squat
behaviors. As a concrete example, I applied our developed system to assist squat move-
ment. The results show that muscle activities measured from vastus medialis and vastus
lateralis muscle EMG signals were not significantly different between one-leg squat with
the EMG-based weight support and normal two-leg squat while the difference between
normal two-leg squat and one-leg squat, and normal two-leg squat and one-leg squat with
the constant force support were significant. As an application, this system can possibly be
used for partial weight bearing therapies. Concretely, compensating the disabled side of the
body for the early stage of therapies. Then, the vertical component force can be gradually
decreased as the patient recovers lower body motor functions.

Since the PAM-based weight support system is lightweight, safe, high power-weight
ratio, and easy to attach to the ceiling or a small gantry, the system can potentially be
useful not only for rehabilitation but also for industrial applications.

Although I focused on assisting one particular movement, i.e., squatting, it would be
possible to apply our weight support system to assist other kinds of movements such as
stepping or walking by using the estimated torque from EMG signals with considering
phase difference between the left leg and right leg movements. Moreover, I can possibly
use our developed weight support system with constant assist force to simply compensate
the gravity but with much wider movement range than existing devices so that the weight
support system can help a therapist when the therapist is near by a patient. This gravity
compensation strategy can also be useful for the industrial applications, such as the load
carriage assistance.

To further improve the force control performance of the weight support, it can be ben-
eficial to explicitly take hysteresis model of the PAM into account. In addition, in this
experiment, I used load cells only for the calibration and did not use it for force feedback
control since there is delay in the air-pressure-based control system. However, using the
load cell feedback for on-line adaptation of the parameters of the weight support system
would be one of the interesting directions as a part of future study.
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5.2 Robust joint torque estimation using multi-channel bio-
signal sensors against sensor faults

In this experiment, I evaluated my proposed fault tolerant estimation method with two
different sensor fault situations: an EMG electrode Sensor is DisConnected from the am-
plifier and I named this failure situation as SDC, and one side of an EMG Sensor electrode
is DeTached from skin surface and I named this failure situation as SDT (seed Fig. 5.8).
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Figure 5.8: Three types of sensor failure situations and the raw EMG signals. (a) an EMG
electrode sensor is disconnected from amplifier. (b) one side of an EMG electrode sensor
is detached from skin surface.
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5.2.1 Experiment with Supervised learning framework
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Figure 5.9: Experimental setup to evaluate our proposed fault tolerant framework. Par-
ticipants generate elbow-joint movements to track the displayed target motion by wearing
the one-DOF exoskeleton robot, and elbow-joint angle trajectories are recorded through
the one-DOF system’s encoder. Participants tracked the target motion by looking at their
elbow angle displayed on a monitor. Experiments were conducted after several training
trials to track the target trajectory. Target motion, which is plotted in figure’s top-left, is
acquired from actual elbow-joint movements of the experimenter. Power spectrum of the
target motion is plotted in figure’s bottom-left. This plot clearly shows that the target mo-
tion is not a simple sinusoidal trajectory that only includes one periodic basis. EMG signals
are measured from the biceps brachii long head (Channel 1:e1

k), biceps brachii short head
(Channel 2:e2

k), triceps brachii long head (Channel 3:e3
k), and triceps brachii short head

(Channel 4:e4
k). 5.0 kg is attached to the tip of the one-DOF robot to acquire EMG data to

find the parameters of the joint torque estimation models.

My proposed fault tolerant estimation method in supervised learning framework as
shown in 3.3.1 was evaluated with five healthy male participants (ages ranged from 24-
31) who gave informed consent. I also compare my approach with a conventional sensor
fault detection approach [77].

Fig. 5.9 shows the experimental setup. The EMG signals were measured from the
participant’s left arms when their elbow-joint movements were generated to track the dis-
played target motions while they were wearing the one-DOF exoskeleton robot. I used four
bipolar surface EMG electrodes and measured the EMG signals from the bicep brachii long
head (Channel 1:e1

k), the biceps brachii short head (Channel 2:e2
k), the triceps brachii long

head (Channel 3:e3
k), and the triceps brachii short head (Channel 4:e4

k). Simultaneously,
the elbow-joint angle trajectories were recorded using the one-DOF system’s encoder. The
target motions were designed by an experimenter who actually moved his own arm so that
the target joint trajectory also represents natural movements for the other human subjects.
The experimenter also generated complex joint angle movements, which included various
joint angle amplitudes and frequencies so that the target trajectories contain more than one
periodic basis in terms of the Fourier series (bottom-left of Fig. 5.9). The participants were
instructed to track the target motions. A subject’s target and current joint angles were dis-
played on a monitor. For each subject, torque estimation experiments were conducted after
several training trials to track the target motion.

I evaluated my supervised learning based-proposed method with two different sensor
fault situations: 1) an EMG electrode was disconnected from the amplifier (SDC), and 2)
an EMG electrode was detached from the skin surface (SDT). (see also Fig. 5.8). In fault
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situation 1), the signal measured by disconnected channel 2 became zero. On the other
hand, in fault situation 2), the signal measured by detached channel 2 burst. Note that as an
example, I use channel 2 as a channel with problems. Since I use identical measurement
systems for other channels, we will have the same results if we use other channels as the
fault channel. The estimated torque profiles derived from the proposed fault detection
method are then used to control the mannequin-arm-attached one-DOF robot. In these
experiments, each participant conducted an elbow-joint movement trial every three minutes
and completed twelve trials, where in one trial, the subject tracked the desired joint angle
trajectory for twenty seconds. These twelve trials contained three different sensor fault
situations, where the subject conducted four trials in each one. The first situation has no
sensor failure. The second situation includes a sensor probe disconnection failure, and the
third considers the case in which an EMG electrode is detached from the skin surface.

To estimate the parameters in Eq. (3.9), I used three out of four trials in each sensor
fault situation. I used a total of nine trials in three different fault situations to acquire
the parameters of our proposed method as training data. The remaining three trials, one
for each fault situation, were used as test data to evaluate the trained parameters. To find
the sliding-window size to derive the covariance in Eq. (3.8), I used all the training trials
of the no sensor fault situation of the five participants for cross validation. Then for each
participant, I used the three training trials of the no sensor fault situation to find the subject-
dependent nonlinear shape factor in Eq. (3.5) and the linear tendon-pulley model parameter
in Eq. (3.14) for cross validation.
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5.2.2 Experimental Results with supervised learning framework

In this section, I first show that using multiple EMG electrodes improves the joint torque
estimation performance even for the one-DOF system. Then I show the joint torque esti-
mation performance with two different sensor fault situations and compare our proposed
method with a joint torque estimation method without using sensor fault detection and a
method that uses the conventional sensor fault detection algorithm. Finally, I show the con-
trol performance of the one-DOF robot system using the estimated joint torque sequences. I
evaluated whether the measured data followed the normal distribution using the Anderson-
Darling test [117] and found that the distribution of the measured data was not significantly
different from the normal distribution with a 5% significance level (p> 0.05).

Joint torque estimation with different sets of electrodes

Figure 5.10 shows the estimated joint torque performance with two different sets of
EMG electrodes: 1) locating only two EMG electrodes at the biceps brachii long head
(Channel 1:e1

k) and the triceps brachii long head (Channel 2:e2
k)), and 2) locating four

EMG electrodes at the biceps brachii long head (Channel 1:e1
k), the biceps brachii short

head (Channel 2:e2
k), the triceps brachii long head (Channel 3:e3

k), and the triceps brachii
short head (Channel 4:e4

k)). Figs. 5.10 (A)-(C) show a subject’s elbow-joint movements
and estimated elbow-joint torque profiles with two and four EMG electrodes. Fig. 5.10(D)
shows the Root Mean Squared Error (RMSE) between the target and the estimated joint
torques of the five participants. The RMSE with four EMG channels was less than with
two EMG channels. I applied at-test to the RMSE of the estimated torque with two EMG
channels and four EMG channels and found a significant difference among the torque esti-
mation performances (p< 0.05). These results show that using multiple EMG channels is
useful to improve the joint torque estimation performance even for a one-DOF movement.

Joint torque estimation with sensor fault

Figures 5.11(A)-(E) show the joint torque estimation performances with three different
sensor failure detection approaches. In this example, one EMG channel was disconnected
from the amplifier at around 12 sec. The gray region represents the period after the sensor
fault occurrence. As plotted in the figures, without any sensor fault detection, the estimated
joint torque exceeded the range of the true torque profile. Even when we used the con-
ventional method [77], the estimated joint torque profile became apart from the true value.
One reason might be that the conventional method relies on the variance to detect sensor
failures and resembles other previously proposed methods. Therefore, the conventional
methods were unable to precisely detect sensor failures when the measured signal became
zero, as plotted in Fig. 5.8 (a). On the other hand, with the proposed method, the sen-
sor fault was accurately detected, as in Fig. 5.11 (A), and the joint torques were properly
estimated, as in Fig. 5.11(D).

Figures 5.12(A)-(E) show, again, the joint torque estimation performances with three
different sensor failure detection approaches. Here, we consider the sensor fault situation
in which one side of an EMG channel, as shown in Fig. 5.8 (b), was detached from the
skin surface at around 11 sec. The gray region represents the period after the sensor fault
occurrence. As plotted in the figures, without any sensor fault detection, the estimated joint
torque was unable to follow the true torque profile. Even with the conventional method, the
estimated joint torque profile failed to capture the periodic pattern of the true value. On the
other hand, when I used the proposed method, the sensor fault was accurately detected, as
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Figure 5.10: (A) Participant’s elbow-joint angle. (B) Estimated elbow-joint torque per-
formance using two EMG channels with no sensor fault. (C) Estimated elbow-joint torque
performance using four EMG channels with no sensor fault. (D) Comparison of Root Mean
Squared Error (RMSE) of estimated joint torque using two EMG channels (biceps brachii
long head (Channel 1:e1

k), triceps brachii long head (Channel 2:e2
k)) and four EMG chan-

nels (biceps brachii long head (Channel 1:e1
k, biceps brachii short head (Channel 2:e2

k),
triceps brachii long head (Channel 3:e3

k), and triceps brachii short head (Channel 4:e4
k)).
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Figure 5.11: (Left-A) Classification results and estimated torque profiles without proposed
method (Left-B), VWA (Left-C), and with it (Left-D) when sensor fault type (a) in Fig. 5.8
occurred in the middle of elbow movement duration. Dashed blue lines in Left-B to Left-D
show the torques computed from approximated inverse dynamics of the participant’s arm
introduced in Eq. (3.1). Error between the estimated torqueτ̂ from EMG signals and the
target torque derived by the inverse dynamics is much larger without the proposed torque
estimation method. (Right-E) Root Mean Squared Errors (RMSE) of estimated torques of
each method with five participants at no sensor fault and sensor fault periods.
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Figure 5.12: (Left-A) Classification results and estimated torque profiles without proposed
method (Left-B), VWA (Left-C) and with it (Left-D) when sensor fault type (b) in Fig.
5.8 occurred in middle of elbow movement duration. Dashed blue lines in Left-B to Left-
D show torques computed from approximated inverse dynamics of participant’s arm in-
troduced in Eq. (3.1). Error between estimated torqueτ̂ from EMG signals and target
torque derived by inverse dynamics is larger without proposed torque estimation method.
(Right-E) Root Mean Squared Errors (RMSE) of estimated torques of each method with
five participants at no sensor fault and sensor fault periods.
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in Fig. 5.12(A), and the joint torques were correctly estimated, as depicted in Fig. 5.12(D).
Note that, in [77], the EMG signal estimated by VWA was linearly converted to a

joint angle. However, estimating joint torque is easier than estimating joint angle since the
muscle activities and the joint torque have closer relationship. Therefore, applying VWA
to estimate joint torque can be reasonable.

To estimate the torques with our proposed method, I set the sliding-window size to 100
ms, which was decided by 3-fold cross validation among the three sets of training data to
get high classification performance. The computation time for each sensor state classifi-
cation was less than 1 ms. This result indicates that my proposed approach is potentially
applicable to real-time robot control with the current number of EMG electrodes. Since the
computational cost of the correlation increased at a rate proportional toO(M2), I need to
verify the computational cost if the number of EMG electrodes increases.

Figures 5.11(E) and 5.12(E) show the RMSE between the target and estimated joint
torques with five participants using each method: (B) without proposed method, (C) VWA,
and (D) proposed method in the no sensor fault and sensor fault periods. I also applied
Welch’s t-test adjusted by Bonferroni correction to the RMSE of (C) and (D) with reference
to (B). From Fig. 5.11(E), I found no significant difference between (B) and (C) or (B)
and (D) (p> 0.1) in the no sensor fault period. On the other hand, in the sensor fault
period, I found a significant difference between (B) and (D) (p< 0.05) but no significant
difference between (B) and (C) (p> 0.1). From Fig. 5.12 (E), there is no significant
difference between (B) and (C) or (B) and (D) (p> 0.1) in the no sensor fault period. On
the other hand, in the sensor fault period, I found a significant difference between (B) and
(D) (p < 0.05) but no significant difference between (B) and (C) (p> 0.1). The torque
estimation performance of VWA looks slightly worse than without the proposed method in
the no sensor fault period although I did not find statistically significant difference. This
is because VWA fuses a pair of EMG channels into one signal so that the combined signal
becomes robust against the sensor fault situation. On the other hand, since the two signals
are fused based on the variance of each EMG signal, VWA possibly lose useful information
that is included in the original two sensor channels for joint torque estimation. These
results clearly show the advantage of my proposed method although the supervised learning
framework.

Biosignal-based robot control

Here I show the control performances of our mannequin-arm-attached one-DOF robot
with the derived torque profiles.

Figure 5.13 shows its joint angle trajectories with and without my proposed method.
If I did not use the proposed joint torque estimation method, the one-DOF robot became
stuck around a posture with a constant joint angle during the sensor fault period. On the
other hand, when I did use the torque sequence derived by our proposed torque estimation
method, it generated periodic movements both in the normal and sensor fault periods. As
a consequence, the estimated torque trajectory derived using the proposed method robustly
controlled the robot system to cope with sudden sensor failures (Fig. 5.14).
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Figure 5.13: Joint angle trajectories of one-DOF exoskeleton robot (A) without and (B)
with proposed method. If we did not use the proposed joint torque estimation method, the
one-DOF robot became stuck around a posture with a constant joint angle during sensor
fault period. When we used our proposed torque estimation method, it generated periodic
movements both in the normal and sensor fault periods.
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Figure 5.14: Control performances of one-DOF robot using estimated torque profiles: (A)
without proposed method (B) with it.
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Figure 5.15: Online EMG-based control system.

5.2.3 Experiment with Unsupervised learning framework

I also evaluated my proposed fault tolerant estimation method in unsupervised learn-
ing with two different sensor fault situations: an EMG electrode Sensor is DisConnected
from the amplifier (SDC), and one side of an EMG electrode Sensor is DeTached from
skin surface (SDT) (see also Fig.5.8). In the SDC fault situation, measured signal by the
disconnected channel became close to zero. On the other hand, in the SDT fault situation,
measured signal by the detached channel was busted. Since I use identical measurement
system for other channels, I will have the same results if we select other channels as the
fault channel.

In this experiment with fault tolerant estimation model of unsupervised learning, the
probabilistic model of the reference datāD is derived from the four-channel EMG mea-
surements for 20 sec with no sensor fault. On the other hand, the time varying probabilistic
model of the newly observed dataD is derived from the measurements with 40 msec sliding
time window to compute the anomaly score as introduced in Section 3.3.2.

Fig.5.15 shows schematic diagram of the online robot control experiment using the
one-DOF system. The one-DOF system is controlled based on the estimated subject’s
elbow joint torque when the subject generate elbow movements on the sagittal plane. The
anomaly scores and joint torque are computed simultaneously. According to the current
anomaly score, the joint torque is estimated with the Kalman filter. Then, the estimated
joint torque is converted to the air pressure command to drive the one-DOF robot.

In this experiment, I compare our proposed method with a standard EMG-based con-
trol approach in which all the sensor channels are always used. As suggested in previous
studies [35] [101], I use a linear conversion model by which EMG signals are converted
to joint torques. I consider two different control approaches for two different sensor fault
situations:

• Standard controller with the SDC and SDT sensor fault situations .

• Proposed controller with the SDC and SDT sensor fault situations.
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Figure 5.16: (a), (b), (c) Standard approach: (Top) Raw EMG signal of the fault sensor
channel. (Middle) Estimated elbow joint torque. (Bottom) Joint angle of one-DOF robot.
(d), (e) Proposed approach: (Top) Raw EMG signal of fault sensor channel. (2nd Middle)
Anomaly score of fault sensor channel. (3rd Middle) Estimated elbow joint torque (Bot-
tom) Joint angle of one-DOF robot. (a) No sensor fault condition. (b) Standard controller
with the SDC sensor fault situation. (c) Standard controller with the SDT sensor fault situ-
ation. (c) Proposed controller with the SDC sensor fault situation. (d) Proposed controller
with the SDT sensor fault situation.
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Figure 5.17: Control performances of one-DOF robot. (a) Without proposed method. (b)
With proposed method.

5.2.4 Experimental Results with Unsupervised learning

In this experiment, I show the online control performances of the one-DOF robot sys-
tem by comparing the proposed controller with a standard controller. Finally, I show the
joint torque estimation performance with the two different sensor fault situations and com-
pare the proposed method with a standard torque estimation method and also with a method
using a conventional sensor fault detection algorithm [77]. I evaluated whether the mea-
sured data followed the normal distribution using the Anderson-Darling test and found that
the distribution of the measured data was not significantly different from the normal distri-
bution with a 5% significance level (p> 0.05).

Online EMG-based robot control

Figs. 5.16 (a), (b), and (c) shows the raw EMG signals, estimated elbow joint torques,
and joint angle of one-DOF robot. Column (a) in Fig.5.16 shows the no sensor fault condi-
tion. From this column, the one-DOF robot was controlled normally based on the estimated
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Figure 5.18: Root Mean Squared Error (RMSE) of estimated elbow joint torques with
using the three different methods with five subject in the the no sensor failure period and
the sensor failure period.

joint torque from EMG with no sensor fault. Columns (b) and (c) in Fig.5.16 show the re-
sults of the SDC and SDT sensor failure situations respectively with the standard control
method. Figs 5.16 (d) and (e) shows the raw EMG signals, anomaly score of fault EMG
channel, estimated elbow joint torque, and joint angle of one-DOF robot. Columns (d)
and (e) in Fig. 5.16 show the results of the SDC and SDT sensor failure situations respec-
tively with the proposed control method. As presented in Figs.5.16 (b), (c) and (d), (e),
the standard method was not able to cope with the sensor failures. On the other hand, the
proposed method was able to deal with the sensor failures, and the estimated joint torques
was successfully used to control the one-DOF robot (see also Fig. 5.17.).

Estimated joint torque performances

In this section, we show the joint torque estimation performance of our proposed method
by comparing with the standard method and the conventional approach (Variance Weighted
Average: VWA) [77].

Fig. 5.18 (a) and (b) show the RMSEs between the actual and estimated joint torques
with five subjects using the three different methods: the standard method, VWA, and the
proposed method during the no sensor failure period and the sensor failure period. The
RMSE of standard method was large in the two situation of sensor fault period. If I do not
use any sensor fault detection, the estimated torque was not able to follow the actual torque
profile. Even when I used the conventional method which explicitly take the existence
of the sensor failure into account (VWA), the RMSE of estimated joint torque was large
with the SDC sensor fault situation while the RMSE in the SDT sensor fault situation
was smaller than the standard method. One of the reason can be that, as other previously
proposed methods, the conventional method (VWA) relies on the variance of EMG signals
to detect the sensor failure. Therefore, the conventional method were not able to precisely
detect the sensor failure when the measured signal became close to zero as plotted in Fig.5.8
(a). On the other hand, the RMSEs of proposed method in the two sensor fault situations
were smaller than other two approaches and similar to the one that in the no sensor failure
period. These results clearly show the advantage of our proposed approach for the EMG-
based robot control.
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5.2.5 Discussion

In this experiment, I proposed novel fault tolerant strategy for a bio-signal based robot
control in supervised and unsupervised learning framework.

In supervised learning framework, to cope with sudden sensor fault, I constructed a
group of classifiers to detect each fault state and used the detected normal/fault state in-
formation to select an appropriate torque estimation model. I showed that the elbow-joint
torques of five participants were properly estimated even when sensor faults occurred. Then
the estimated torque profiles were used to control the one-DOF robot. The results show that
the estimated torque was useful to control the real robot system. By selecting an appropri-
ate movement estimation model using fault information, I showed that we can construct a
fault tolerant biosignal-based robot control framework. In particular, I proposed that using
a supervised learning approach to detect the fault sensor channel is a suitable for a mea-
surement system that does not have too many sensors since we do not need to carefully
design the threshold.

In unsupervised learning framework, I consider the EMG signals as the observation
variables and I try to estimate user’s intended movement from the observation. By con-
sidering the EMG-based control problem as an estimation problem of user’s movement
intention from observed EMG signals, we can easily treat the sensor noise problem and
sensor failure situations. I showed that my proposed approach was able to control the one-
DOF exoskeleton robot even under the EMG sensor failure situations while the standard
method could not. Then, I also showed the estimated joint torque performance with five
subjects by comparing the proposed method with the standard method and with a previ-
ously proposed method [77] which explicitly take the existence of the sensor failure into
account and can be applicable to online robot control. The results show that the usefulness
of proposed method even when the two different sensor failure situations were occurred.

In the experiment, I considered two different sensor fault situations: 1) an EMG elec-
trode was disconnected from the amplifier, and 2) an EMG electrode was detached from
the skin surface. Other kinds of sensor faults, such as noise contamination caused by other
electrical devices or by sweat, are also interesting target situations. However, in these
fault situations, all the channels can simultaneously observe the gradually collapsed sig-
nals. Therefore, these sensor faults, which are beyond the scope of our proposed method,
suggest an interesting future direction to develop a method to cope with them. In addition,
I will consider extending these approach to deal with wider variety of movements while the
parameters of the estimation model are derived from the data acquired from other people
by using transfer learning approaches proposed in our previous studies [118] [119]. If the
number of sensor channels increases, the real-time computation of the correlation matrix
for real-time robot control becomes difficult. To control multi-DOF robots that might re-
quire many EMG channels, we need to consider a parallel computation method for fast
correlation matrix computation.

Using a multi-channel biosignal sensor system is useful to precisely extract user move-
ment intentions. On the other hand, using multiple electrodes might increase the probability
of sensor failure occurrences. In this study, I pointed out that multi-channel information
can be used to extract sudden sensor faults.
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5.3 Force Control Coordinated in Assistive Interaction

In this experiment, I first describe about experimental setup to test feasibility of the pro-
posed controller under assistive interaction. Fig. 5.19 shows the block diagram of overview
of the implementation of One-DoF system. Fig. 5.20 shows experimental setup. The sub-
ject (healthy adult) wears the One-DoF system with 2 EMG is attached to his arm. The two
PAMs (PAM1 and PAM2) generates antagonistic force with pressure corresponding to the
gravity compensation torque, and as the conscience, the arm holds weight.

Fig. 5.21 shows the EMG electrode locations on the subject’s skin surface, correspond-
ing to measuring the EMG mainly from Biceps Brachii and Triceps Brachii.

EMG
Filtering

Muscle Force
Model
(Non-linear)

Joint Torque
Model

Inverse kinematic
Interaction Model

PAM Tendon
Spring Model

One-DOF
System

Raw EMG
Signal

EMG to Joint Torque Estimation

Figure 5.19: Feedback process considering Human-robot interaction
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Figure 5.20: One-DoF assist experiment setup



Chapter 5: Experiment of EMG-based Assistive Robot Control 57

EMG1

(biceps brachii)
EMG2

(triceps brachii)
FrontBack

Front

Figure 5.21: Measurement points of EMG

5.3.1 Experimental Results and Discussion

Fig. 5.22 (a) and (b) show the plots of two torque (estimated human torqueτhumanand
measured torqueτrobot from load-cells) transitions respectively. Fig. 5.22 (a) is the result
of (α1,α2) = (0.9,0), and Fig. 5.22 (b) is the results of(α1,α2) = (0.45,0.45).

The figure 5.22 (a) is 2 times more large feedback and acquired similar amount of
the assist at first several second, but the system response got very unstable in the middle
of the experiment. Thus, the Figure (b) shows the smooth and stabilized because of the
coordinated torque.α1 andα2 is trade of between instant torque and stability of interaction.
Increasingα1 improves response and increasingα2 resulted in increasing time-constant of
leaky filter effect.

In this experiment, we proposed the method to install the coordinated torque feedback
term in the controller. The experiment results shows stabilized EMG-based torque con-
troller under existing the human-robot interaction. This term is still the feed-forward term
and didn’t include any of the sensor. In the future, we are going to construct interaction
sensing system and feedback into the torque controller.
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Figure 5.22: Results of feedback with conventional method
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5.4 Four DoF upper-limb exoskeleton assistive robot con-
trol
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Figure 5.23: Schematic diagram of proposed human movement model that explicitly con-
siders possibility of EMG-sensor failure occurrence. Estimated joint torques (τ) repre-
sented in the internal state (x) of human movement model are used to control a torque-
control-based assistive robot while EMG signals (u) are observed. Deviation of the mea-
sured correlation among all EMG sensor channels from proper muscular coordination are
used to detect anomalies in EMG sensor channels.

Here I introduce my experimental setups to evaluate our proposed approaches. First,
I introduce our four-DOF upper-limb exoskeleton robot. Second, model parameter iden-
tification procedure is explained. Then, in the last two subsections, experimental designs
are presented. As a target task to evaluate our proposed method, we considered a drinking
movement as one of the daily life movements. I evaluated my proposed methods with five
healthy male subjects (aged 24-32) who gave informed consent.

The estimated joint torques are used to control our four-DOF upper-limb exoskeleton
robot actuated by pneumatic-electric (P-E) hybrid actuators [110]. As depicted in Fig. 4.3,
the upper-limb exoskeleton robot has four degrees of freedom: Shoulder Flexion/Extension
(SFE), Shoulder Abduction/Adduction (SAA), Elbow Flexion/Extension (EFE), and Wrist
Flexion/Extension (WFE) joints. Each joint torqueτPAM is mainly generated by a Pneu-
matic Artificial Muscle (PAM), and the SFE and EFE joints are also actuated by electric
motor outputτMotor. The PAM unit used in this study has about 80ms to 100ms latency
to generate the joint torques. This slow response can be covered by the hybrid driven of
electric motor. Details of the mechanical design and the torque-based control method are
presented in [110]. On the other hand, the latency of the joint with PAM unit alone can
be covered by the EMG-based control because the EMG signals activated 60ms to 100ms
before generating the actual muscle tension [100].
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Figure 5.24: EMG channel location. We used 16 channels to estimate four-DOF joint
movements.

5.4.1 Model parameter identification

EMG signals are measured from the right arms of the subjects when they generate a
drinking motion while wearing the four-DOF exoskeleton robot. These pre-recorded drink-
ing motion data for parameter identification was used to find parameters of joint torque
generatorA andB in (3.18). Furthermore, we used 16 bipolar surface EMG electrodes
and measured the EMG signals from 16 muscles (Fig.5.24). Simultaneously, the shoulder
flexion, extension (SFE), the shoulder abduction, adduction (SAA), the elbow flexion, ex-
tension (EFE), and wrist flexion, extension (WFE) angle trajectories were recorded using
the encoder of the four-DOF exoskeleton robot system. The sampled EMG signals are low-
pass filtered with a cutoff frequency of 2.6 Hz, as suggested in previous work [120]. Then
the processed EMG signals are used to calibrate the observation model parametersC in Eq.
(3.19). These model parameters are identified individually for each subject.

5.4.2 Sensor anomaly situations during joint torque estimation

In this experiment, we consider three types of sensor anomaly conditions during the
estimation of joint movements in drinking motion. In particular, we artificially made two
types of sensor fault conditions simultaneously when the subjects generated the drinking
motion, SDC and SDT (see Fig. 5.25 (a) and (b)). In addition, we also intentionally
misplace the two EMG electrodes connection in 16-channel, and we named this anomaly
condition: SEM (see Fig. 5.25 (c)). For the validation of our proposed method in SEM
condition, we tested all possible anomaly combinations (16C2 = 120). In the SDC fault
condition, the measured EMG signal became close to zero. In the SDT fault condition,
the measured signal was bust. In the SEM anomaly condition, the measured signal was
seemingly-normal while the sensor information is interchanged.
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Figure 5.25: Three types of sensor failure situations and the raw EMG signals. (a) an EMG
electrode sensor is disconnected from amplifier. (b) one side of an EMG electrode sensor
is detached from skin surface. (c) Two EMG electrodes in 16 channels are misplaced.

5.4.3 Online EMG-based assist control

Figure 5.26 shows a schematic diagram of online upper-limb exoskeleton control sys-
tem. The exoskeleton robot is controlled based on the estimated subjects’ SFE, SAA, EFE,
and WFE joint torques when generating a drinking motion. The joint torques are simul-
taneously estimated from measured EMG signals by using our proposed method in which
the anomaly scores were monitored. Then the estimated joint torques are converted to air
pressure and electric current commands to drive the upper-limb exoskeleton robot.

In the on-line robot control experiment, as an example, we chose the 6-th and 11-th
EMG channels as simultaneous faults of SDC and SDT, where these mainly contributed to
estimate shoulder and elbow joint movements.
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Figure 5.26: Online EMG-based upper limb exoskeleton robot control

5.4.4 Results

In this subsection, we first show the anomaly detection performance comparing our
proposed method with logistic regression method [121] and well-tuned baseline method
(threshold) against two simultaneous sensor fault conditions (SDC and SDT). To find the
fault signal with baseline method, the minimum threshold was tuned by the minimum vol-
untary contraction and rest state of EMG signal. On the other hand, the maximum thresh-
old was tuned by the maximum voluntary contraction of EMG signal. Then, we define
the range from minimum and maximum threshold is normal state of EMG signal. The
thresholds were tuned for each channel of EMG and each subject. Second, we show the es-
timation performance comparing our proposed method with threshold method against SEM
anomaly situation. Then, we show the on-line assist control performance of the upper-limb
exoskeleton robot by comparing the joint torque estimation performance and the angle tra-
jectory generated from our proposed method with the standard method which has no sensor
fault tolerability to see whether the subjects can properly perform their drinking motions
even under sensor fault situations.

Anomaly detection and joint torque estimation performance

In order to show the anomaly detection accuracy, we use the ROC (Receiver Operating
Characteristic) curve, which represents the averaged relationship between the detection rate
(how many truly faulty variables are picked up) and the data coverage (how many variables
are picked up). Figure. 5.27 shows the AUC (Area Under Curve) with five subjects to
compare the goodness of different ROC curve of our proposed method, logistic regression
method, and well-tuned threshold method against simultaneous SDC and SDT sensor fault
condition. The maximum AUC = 1 means that the detection test is perfect. The minimum
AUC should be considered a chance level, AUC = 0.5. We also applied Welch’st-test
adjusted by Bonferroni correction to the AUC of logistic regression and threshold method
with reference to our proposed method. We found a significant difference between pro-
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Figure 5.27: AUC (Area Under Curve) with five subjects to compare the goodness of differ-
ent ROC curve of our proposed method, logistic regression method, and well-tuned thresh-
old method against simultaneous SDC and SDT sensor fault condition.The maximum AUC
= 1 means that the detection test is perfect and the minimum AUC should be considered a
chance level, AUC= 0.5.

posed method and the logistic regression method (p < 0.05 for SDC and SDT), and the
threshold method (p< 0.01 for SDC) except for the threshold method against SDT (no sig-
nificant). The anomaly detection accuracy of the logistic regression method looks slightly
worse. This is because the logistic regression method used in our previous works assumed
that the sensor fault occurs only on one electrode at one time while the sensor fault occurs
on two electrodes simultaneously in this experiment; one is SDC and the other is SDT.
Therefore, using logistic regression method is not effective to estimate joint torques in the
case assuming that more than one failure is occurred at a time. In addition, since the logis-
tic regression need prior knowledge of all possible anomaly state to prepare the classifier
and the estimation model to cope with the anomaly situation, the scalability is limited for
on-line robot control also in terms of computing burden. On the other hand, the threshold
method is more suitable than the classification method from the point of view of computa-
tional cost. However, the detection accuracy of the threshold against SDC fault condition
also looks worse while the SDC fault is apparently easy to detect. This is because there is
a case where the fault signal of SDC is presented in the normal state range without closing
to zero by picking up noise. This result show the effectiveness of our proposed method to
detect simultaneous sensor faults.

We also validate our proposed method of joint torque estimation performance in the
SEM anomaly situation. In the SEM situation, we consider all possible anomaly state
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Figure 5.28: Root mean squared errors (RMSE) between actual and estimated joint torques
combining of all joints (SFE, SAA ,EFE, and WFE) using threshold method and our pro-
posed method with five subjects against SEM sensor anomaly condition. The SEM sensor
anomaly situations are tested all possible combinations (16C2 = 120 patterns) for each sub-
ject. Therefore, each boxplot include 600 sample data. Mann Whitney test was applied and
there is a significant difference between them (p< 0.01)
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Figure 5.29: Root mean squared errors (RMSE) between actual and estimated joint torques
of each joints (SFE, SAA ,EFE, and WFE) using threshold method and our proposed
method with five subjects against SEM sensor anomaly condition.
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Figure 5.30: Estimated joint torque performance of standard and proposed methods. A-(a),
A-(b), B-(a), and B-(b) show the raw fault EMG signals. A-(c) to A-(f) and B-(c) to B-
(f) show squared errors between estimated and actual joint torques: SFE, SAA, EFE, and
WFE. B-(g) and B-(h) show anomaly scores of fault EMG signals B-(a) and B-(b).

combinations in 16-channels (16C2 = 120 patterns) for each five subject. Since it is dif-
ficult to use logistic regression method in this case from the above reason, we compare
our proposed method with threshold method. Figure. 5.28 shows the Root Mean Squared
error (RMSE) between the actual and estimated joint torque combining all joints (SFE,
SAA, EFE, and WFE) using proposed method and threshold method against SEM sensor
anomaly situations. From this figure, the RMSE of our proposed method is lower than the
threshold method. We applied Mann Whitney test to the two RMSEs and we found signifi-
cant difference between them (p< 0.01). We also show each joint estimation performance
is shown in Figure. 5.29. These results clearly show the advantage of our proposed method
for anomaly detection and joint torque estimation.

Online EMG-based assist control

In this online EMG-based robot control experiment, we compared our proposed method
with a standard method without fault tolerability that always use all the EMG sensor chan-
nels to derive the joint torques. Concretely, we used a linear conversion model in which
the EMG signals are converted to joint torques, as suggested in a previous study [35] [68]
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Table 5.3: Root Mean Square Error (RMSE) of estimated torque for each joint

Subject Joint RMS

Normal condition Fault condition

Standard Proposed Standard Proposed

A SFE 1.32 1.36 5.04 1.58

SAA 0.658 0.795 2.45 1.00

EFE 0.625 0.793 > 10 2.83

WFE 0.135 0.121 0.178 0.128

B SFE 1.35 1.13 2.06 1.79

SAA 1.54 1.43 1.44 1.35

EFE 1.15 0.930 2.23 0.951

WFE 0.129 0.128 0.151 0.135

C SFE 1.18 1.19 > 10 1.21

SAA 1.34 1.03 1.88 0.995

EFE 0.674 0.918 1.81 0.951

WFE 0.120 0.148 0.149 0.136

D SFE 1.07 0.748 >> 10 0.771

SAA 0.767 0.671 0.792 0.660

EFE 0.794 0.751 1.18 1.09

WFE 0.138 0.110 0.131 0.127

E SFE 0.926 0.741 >> 10 5.67

SAA 0.534 0.492 1.00 0.567

EFE 0.728 0.697 1.40 0.792

WFE 0.223 0.237 0.251 0.235

[101]:

τ (k) = Ku (k) , (5.5)

whereu(k) is the processed EMG signals. The parameterK is derived from the training
data used in Subsection 5.4.1.

As the experimental conditions with the sensor failure situations, we considered two
different control approaches for two different sensor fault situations:

• standard controller with SDC and SDT sensor fault situations.

• proposed controller with SDC and SDT sensor fault situations.

Figure 5.30 shows the estimated joint torque performances of the standard and proposed
methods for one of the five subjects. A-(a), A-(b), B-(a), and B-(b) show the raw EMG
signal profiles include the two types of sensor fault situations, SDT and SDC. A-(c) to A-
(f) show the squared errors between each estimated joint torque with the standard method
and the actual joint torques, where the actual joint torques were derived from the inverse
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(a) Standard method

(b) Proposed method

Sensor fault (SDT)

Sensor fault (SDC)

Upper limb exoskeleton robot arm tip trajectory

1T                    2T                     3T                     4T                      5T                   6T

Scaled Time

Figure 5.31: Control performance of upper limb exoskeleton: (a) Standard method. The
robot movement almost stopped after the sensor failure occurrence. (b) Proposed method.
The drinking motions were successfully generated with our proposed method even during
the sensor faults period.
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Figure 5.32: RMSEs between generated movements with exoskeleton assist control where
all sensors are normal and joint angle trajectories generated with the exoskeleton assist
control where the sensors are condition across all five subjects. The errors of our proposed
method with the sensor failure was smaller than that of the standard method.
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dynamics of a subject and the robot arms with the actual joint trajectories. B-(c) to B-(f)
show the squared errors between each estimated joint torque with our proposed method
and the actual joint torques. B-(g) and B-(h) show the anomaly scores of the fault EMG
channels. B-(a) corresponds to SDT and B-(b) corresponds to SDC.

As presented in Figs. 5.30 A-(c) to A-(f), the errors of the standard method were large
during the sensor fault condition and degraded the estimation performances. On the other
hand, from B-(c) to B-(f) in Fig. 5.30, the error of our proposed method was much smaller
than the standard method and successfully estimated the joint torques even after sensor
faults occurred.

Table 5.3 shows the Root Mean Squared Error (RMSE) between the actual and esti-
mated torques for each joint with all the five subjects using two different methods: the
standard method and our proposed method during the normal condition and during the trial
period which includes sensor fault conditions. From Table 5.3, the RMSEs of the standard
method were always larger than that of the proposed method if the trials include the sensor
failure periods. In the normal condition, the RMSEs of the standard method were similar
to that of the proposed method. However, still, in thirteen out of twenty cases, the proposed
method showed better estimation performances even in the normal condition. Since we
selected the 6-th and 11-th EMG channels that contributed to estimate the SFE and EFE
joint movements, large differences in the estimation performances between the standard
and the proposed methods can be observed in SFE and EFE joints. On the other hand, the
estimation performance of SFE joint in subject E is slightly worse than other subjects. This
was because that the anomaly score of the fault electrode could not completely work for
the estimation due to the smallest value than other subjects.

Figure 5.31 shows the control performance of our upper-limb exoskeleton robot. When
we used the standard method, the robot movement almost stopped after the sensor failure
occurrence. On the other hand, The drinking motions were successfully generated with our
proposed method even during the sensor faults period.

Fig. 5.32 shows the RMSEs between generated movements with exoskeleton assist con-
trol where all sensors are normal and joint angle trajectories generated with the exoskele-
ton robot assist control where the two sensors are fault condition across all five subjects.
We compared the control performance of the proposed method with that of the standard
method. Concretely, we compared the proposed and standard methods in movement tri-
als that include the sensor failure conditions. We also applied Welch’st-test to the RMSE
of each joint and we found significant difference; SFE (p< 0.05), SAA (p< 0.05), EFE
(p< 0.01). On the other hand, we found no significant difference in WFE joint. This can
be considered that fault channel selected in this online experiment had low contribution for
the WFE torque estimation.

From these results, the errors of the standard method were large if the movement trial
periods include the sensor faults. On the other hand, the control performances of our pro-
posed method with the sensor failure periods were much better than that of the standard
method. Note that some amount of errors remained even when we used our proposed
method partially due to the variations of subjects’ intended drinking movements (see Fig-
ure. 5.33). These results clearly show the advantage of using the human movement model
for EMG-based assist robot control.

5.4.5 Discussion

In this experiment, I proposed a human movement model both for EMG-based assistive
control and for biosignal-sensor-failure detection. The sensor anomaly detection and joint
movement estimations were combined by exploiting the human muscular coordination pat-
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Figure 5.33: The mean and standard deviation of joint angles generated from each subject
without exoskeleton assist control during drinking motion.

terns measured from multiple EMG electrodes. My proposed model considers EMG signals
to be observation variables that take uncertain observations into account and estimates the
intended movements of users from observations. To validate our proposed method, I used
16 EMG channels and a four-DOF upper limb exoskeleton robot driven by estimated joint
movements with five healthy subjects who performed a drinking motion. In this experi-
ment, we considered three types anomaly situations; An EMG electrode was disconnected
from the amplifier (SDC) in which the sensor signal became close to zero, an EMG chan-
nel was detached from the skin surface (SDT) in which the sensor signal was bust, and
two EMG electrodes connection in 16-channel were misplaced (SEM) in which the sensor
signal seemingly-normal. During our experiment, I artificially created two types of sensor
faults (SDC and SDT) simultaneously, and intentionally misplace the two EMG electrodes
connection in which all possible anomaly state combinations were tested.

Our proposed model more successfully detected the anomaly sensors and estimated
the joint movements of the users than other conventional anomaly detection methods. In
addition, by using our proposed method, five healthy subjects successfully controlled the
four-DOF upper-limb exoskeleton robot to generate drinking motions even under two EMG
sensor simultaneous faults conditions. With respect to the subject E, the SFE joint torque
estimation performance was slightly worse than other subjects. This was because that the
anomaly score of disconnection fault EMG channel contributed to SFE joint was the small-
est in all subjects and did not completely work for the estimation. However, the estimation
performance with our proposed method was better than the estimation performance with
standard method. My results show the usefulness of using the human movement model for
EMG-based assistive robot control using multiple electrodes.



Chapter 6

EEG-based Assistive Robot Control

Since many counties are facing the aging population problem, development of an ex-
oskeleton robot which can be used to assist user movements is becoming important research
topic [122] [23]. In particular, these exoskeleton robot can be used as prosthetic devices for
patients such as stroke patients and spinal cord injury patients in rehabilitation programs
[14] [15] [18].

In recent years, it has been found that using brain activity to control robotic assistive
system can be useful for stroke patients to enhance recovery of motor function [47]. There-
fore, there would be also a possibility to enhance recovery of lower limb motor functions
if an exoskeleton robot to assist power body can be controlled by brain activities. This
rehabilitation approach is called Brain-Machine Interface (BMI) rehabilitation [123].

For BMI rehabilitation, we develop a Electroencephalogram (EEG)-Exoskeleton robot
system, where the exoskeleton robot is connected to the EEG system so that the users can
control the exoskeleton robot by using their brain activities (see Fig.6.1). We use a clas-
sification method which considers covariance matrices of measured EEG signals as input
to decode brain activities. The decoded brain activities are used to control exoskeleton
movements. In this study, we consider assisting the stand-up movement which is one of
the most frequently appeared movements in daily life activities and also a standard task
movement as a rehabilitation training. To assist the stand-up movement, we use our devel-
oped exoskeleton robot (see Fig. 4.2). To test the EEG-robot system, we also use one-DOF
exoskeleton robot (see Fig. 4.1).

I show that a user was able to control the EEG-oneDoF system using subject’s brain
activities. Furthermore, the results show that the exoskeleton robot successfully assisted
the stand-up movements, where the assist system was controlled by the decoded brain
activities.

6.1 Deoding Brain Activities

To decode brain activities, we use classification method proposed by [124] [125] be-
cause the method classification matrices with spectrall1-norm regularization which can
lead to good generalization performance. In addition, the decoder can be efficiently de-
rived by solving a convex optimization problem [124].

As suggested in [124], we use the covariance matrices of the measured EEG signalsC
as the input variables. In this classification method, the output probabilities of the two-class

70
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Figure 6.1: EEG-Exoskeleton System. EEG signals are detected by active electrodes
(BIOSEMI) and the detected brain activities are amplified and converted to digital sig-
nals with 2048 Hz sampling rate. The sampled data are transmitted to computers and the
received data are decoded to generate control command for the exoskeleton robot. The
generated command is sent to the control system of the exoskeleton robot. According to
the control command, the exoskeleton robot activates the assist control system.

classification problem are represented as:

P(qt =+1|Ct) =
1

1+exp(−at)
, (6.1)

P(qt =−1|Ct) =
exp(−at)

1+exp(−at)
, (6.2)

whereqt denotes the class label. The log odds or logit [126] is modeled as a liner function
of the inputC:

at = ln
P(y=+1|X)

P(y=−1|X)
= tr

[
W⊤Ct

]
+b (6.3)

HereW is a parameter matrix andb is a bias.
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6.1.1 Learning Classifier

To construct the classifier, we consider minimizing a objective function:

min
n

∑
t=1

l(zt)+λ ||W||1, (6.4)

zt = qtat , (6.5)

whereλ is the regularization constant and each term of the objective function is represented
as:

l(zt) = ln(1+exp(−zt)) (6.6)

||W||1 =
r

∑
i=1

σi [W], (6.7)

whereσi [W](i = 1, . . . , r) is the i-th singular value of a matrixW andr is the rank ofW.
This optimization problem can be efficiently solved by considering an equivalent linear
matrix inequality (LMI) problem [124].

6.1.2 Online Decoding

Figure 6.2: EEG signal processing procedure: A band-pass filter with the frequency 7-
30 Hz are applied to the measured EEG signals. The filtered signals are down-sampled
with 128 Hz. Laplace filter and common average subtraction are applied for removing bias
voltage on electrodes. The covariance matrix of the processed data is used as the input
variable for the classifier. We used the classifier with the selected regularization parameter
λ = 14.

We decode brain activities by using the classification method introduced above after
preprocessing measured EEG data. Figure 6.2 shows the processing procedure. A band-
pass filter with the the frequency 7− 30 Hz are applied to the measured EEG signals.
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The filtered signals are down-sampled with 128 Hz. Laplace filter and common average
subtraction are applied for removing voltage bias. The covariance matrix of the processed
data is used as the input variable for the classifier. we update a covariance matrixCt of
filtered EEG signal at every time step (t = 1,2, · · · ):

Ct =

{
x⊤t xt (t = 1)
1
Nx⊤t xt +

N−1
N Ct−1 (t ≥ 2)

. (6.8)

Here,xt ∈ ℜ1×D is a filtered EEG signal at timet (D = 64). By using estimated weight
matrix W ∈ℜD×D and bias constantb∈ℜ, we estimate a probabilityP(qt = +1|Ct) and
P(qt =−1|Ct) as in Eqs. (6.1) and (6.2).

Next, we explain how to select a control commandgt = {up, down} which is given
to the robot. Since input variables are based on measured EEG signals, the output of the
classifier can be fluctuated. Therefore, we employed following hysteresis:

gt =

 up (P(qt =+1|Ct)> Pthreshold)
down (P(qt =−1|Ct)> Pthreshold)
gt−1 otherwise

, (6.9)

whereup denotes upward state of the oneDOF system or stand-up state of the exoskeleton
robot, anddowndenotes downward state of the oneDOF system or sit-down state of the
exoskeleton robot. We set the threshold asPthreshold= 0.7.

According to the output of the classification, upward/stand-up or downward/sit-down
movements on the oneDOF system or the exoskeleton robot, respectively, are generated by
using the torque control method introduced in the device chapter 4.
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6.2 Results

Here I show the results of the developed EEG-robot systems.

6.2.1 EEG-oneDoF system

Fig. 6.3 shows the experimental setup. A subject watched the display during all the
experiment to recognize classifier output (EEG decoder output) in real-time. Fig. 6.4 and
6.5 show the control performance of the EEG-oneDoF system. The subject does not wear
the one-DoF system to follow the up/down direction indicated on the display by motor im-
agery. The white/gray region in figure 6.5 shows the up/down target direction respectively.

Display

SubjectSubject

Display

Realtime EEG Decoded feedback
(EEG Decoder output)
Realtime EEG Decoded feedback
(EEG Decoder output)

Figure 6.3: EEG realtime visual feedback; The subject watches the display during exper-
iment to get visual EEG decoded feedback. The visual feed back is displayed as the red
bar (upper/lower) in the picture as probability of EEG decoder output(P(qt = +1|Ct) and
P(qt = −1|Ct) respectively). The direction queue is displayed at the middle of the bars.
The subject task is motor imagery of left arm movement and right arm movement, corre-
sponding to up/down direction.

Fig. 6.5 and 6.6 show, again, control performance of the EEG-oneDoF system. How-
ever, in this case, the subject wears the oneDoF system. The subject tries to control one-
DoF system to follow the up/down direction indicated on the display by motor imagery.
The white/gray region in Fig. 6.6 shows the up/down target direction respectively.

In both cases, i.e., 1) the case in which the subject does not wear the robot and 2) the
case in which the subject wears the robot, the indicated robot movements are correctly
generated in most cases.
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Figure 6.4: EEG-oneDOF experiment; The subject does not wear the oneDOF system in
this example. The subject tries to control oneDOF system to follow the up/down direction
indicated on the display the subject by using motor imagery. (Top) Up state. (Bottom)
Down state
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Figure 6.5: Control performance of the EEG-oneDOF system. The wite/grey region shows
the up/down target direction respectively. The performance (0.5 thresholded correct rate)
was 0.8113 in the last half of the session from 150 sec to 300 sec. (Top) Decoded brain ac-
tivities. (Middle) Control command generated from the decoded brain activities. (Bottom)
Joint angle trajectory of the oneDOF robot.
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Figure 6.6: EEG-oneDOF experiment; The subject wears the oneDOF system in this exam-
ple. The subject tries to control oneDOF system to follow the up/down direction indicated
on the display by using motor imagery. The performance (0.5 threshold correct rate) was
0.7188 in the last half of the session from 150 sec to 300 sec. (Top) Up state. (Bottom)
Down state
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6.2.2 EEG-Exoskeleton system

Fig. 6.7 and 6.8 show control performance of the EEG-Exoskeleton system. The sub-
ject tries to control EEG-Exoskeleton system to follow the stand-up/sit-down direction in-
dicated on the display by motor imagery. The white/gray region in fig. 6.8 shows the
stand-up/sit-down target direction respectively. The user was successfully controlled the
exoskeleton robot by his brain activities.

0 100 200 300
0

0.5

1

0 100 200 300

up

down

time [s]

Figure 6.7: Control performance of the EEG-oneDOF system. The subject wears the one-
DOF system. (Top) Decoded brain activities. (Bottom) Control command generated from
the decoded brain activities.

6.3 Discussion

In this study, we developed the EEG-Exoskeleton system in which the exoskeleton
robot were controlled by using decoded EEG signals. Brain activities of the users are
decoded by using a classification method which can consider covariance matrix of the
observed EEG signals as input variables. Then, we connected the EEG system to our one
DoF test system. The subject tried to control the robot with two different situations: 1)
the subject did not wear the robot and 2) the subject wore the robot. We showed that EEG-
oneDoF system was successfully controlled by using the decoded brain activities in the two
different situations. Finally, we connected the EEG system to the exoskeleton robot. We
showed that even when the EEG system was used with the exoskeleton robot, the user was
able to decode the brain activities and control the exoskeleton robot. This our developed
EEG-based exoskeleton robot can be used in rehabilitation application such as stand-up
from bedside and wheel chair.

One of the problem in this system was the difference of performance between subjects.
The difference comes from the accuracy of motor imagery decoding, e.g., some subject can
easily be detected the image but others can not. So, there is a possibility that all of subject
can not control the robot by using only EEG data. However, it can be considered that this
problem is able to alleviate by combining fMRI, NIRS, or MEG data as a prior distribution
because these data are high spatial or temporal resolution.



Chapter 6: EEG-based Assistive Robot Control 79

Figure 6.8: EEG-Exoskeleton experiment; The subject tries to control EEG-Exoskeleton
system to follow the stand-up/sit-down direction indicated on the display by using motor
imagery. The gravity compensation of lower limb model (total weight of XoR and human
lower limbs) was activated when the EEG decoding is ”up”. The PAM torque controller
was implemented with tendon-spring equilibrium model. When this system used in reha-
bilitation, self-balancing torque controller and another safety systems can be also installed.
The performance (0.5 threshold correct rate) was 0.7146 in the last half of the session from
60 sec to 120 sec. (Top) Sit-down state. (Bottom) Stand-up state.
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Figure 6.9: Control performance of the EEG-Exoskeleton system. The white/gray region
shows that the target direction is stand-up/sit-down respectively. (Top) Decoded brain ac-
tivities. (Bottom) Control command generated from the decoded brain activities.

Furthermore, we have to consider the human-robot interaction. Because the assist itself
is realized by physical interaction between human and robot, and human get the physical
feedback. In order to deal with this, we first need to investigate the effect of passive assist
during decoding. The, we have to construct a decoder considering the interaction effect.
In addition, we also need to make these EEG-based control more robust against sensor
anomaly, because the EEG has also usually multi-channel. But, in the classification based
control we also can use the robust estimation method as shown in subsection 3.3.1.
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Conclusion

7.1 Summary

Bio-signal based assistive robot have been widely studied, but they have yet to low
feasibility despite high efficiency. One of this reason is the instability and vulnerability of
bio-signal. In this study, I proposed human-robot interface to control assistive robots based
on human motor intention which was robustly estimated from multi-channel bio-signals,
and developed hardware and software to realize the system. In order to assist human move-
ment with high affinity, developed devices in this study were force controllable.

For the EMG-based assistive robot control, I estimated joint torques based on the human
motor control model in which humans activate their muscles by the command calculated
inverse dynamics in the brain. To make estimation model, I proposed measurement tech-
nique during human dynamic motion due to the difference of human motor control criteria
between static and dynamic motion. I acquired the joint torques and EMG data set for
the model calibration using inverse dynamics. Then, the muscle activities were converted
to muscle forces considering the non-linearity based on bio-mechanical knowledge. From
these data set, I can make tendon-pulley linear estimation model by low calibration cost. In
order to evaluate the estimated joint torques during dynamic motion, I used my newly de-
veloped EMG-driven weight support system which has a wider operational range and can
adaptively change the amount of support. The weight support system was driven by vertical
forces of knee and ankle joint torques estimated from simple linear estimation model. As
a results, the subjects were able to one-leg squat by the assist with weight support system.
Healthy subjects took part in this experiment, but as an application, this system can pos-
sibly be used for partial weight bearing therapies. Concretely, compensating the disabled
side of the body for the early stage of therapies. Then, the vertical component force can be
gradually decreased as the patient recovers lower body motor functions.

In order to robustly estimate human movement from multi-channel EMG signals, I
proposed fault tolerant estimation method. Although using multiple sensor channel is a
promising approach to estimate multi-degree of freedom of human movement and motor
intention in detail, it is difficult to use multi-sensors because of its vulnerability. The sensor
anomaly was detected by correlation structure of muscle activity, and the robustness of
estimation was achieved by the informational redundancy of multi-channel bio-signals. I
proposed robust estimation method both in supervised and unsupervised framework. In
order to evaluate the method, I artificially created two kinds of sensor fault: an EMG
electrode sensor is disconnected from the amplifier and one side of an EMG electrode
sensor is detached from skin surface during on-line EMG-based robot control. The results
showed that the robot was properly controlled based on the estimated joint torque using my
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proposed method even when EMG electrodes have problems while standard method with
no fault tolerability was unable to deal with these fault situations.

In addition, I also considered the effect of human-robot interaction into the controller
when robot assist human limbs although almost conventional studies did not take into ac-
count. The proposed controller was evaluated experimentally with one-DOF exoskeleton
robot assist, and I showed that the EMG-based feedback system with proposed method was
more stable compared to conventional controller.

Finally, I combined these method, and proposed a human movement model both for
EMG-based assistive control and for biosignal-sensor failure detection. In this experiment,
we also considered sensor anomaly situation; the two EMG sensor electrodes connection
in 16-channel were misplaced (SEM) in addition to SDC and SDT anomaly situations. For
the SEM validation, we tested all possible anomaly combinations. As a results, our pro-
posed method could deal with all sensor anomaly situations (SDC, SDT and SEM anomaly
situations) and subjects were able to successfully controlled the four-DoF upper-limb ex-
oskeleton robot to generate drinking motions, and assisted stably even under two types
simultaneous sensor fault conditions.

The exoskeleton robot can be used as prosthetic devices for patients such as stroke and
spinal cord injury patients in rehabilitation, and it has been found that using brain activity
to control assistive robot is useful for such patients. Therefore, there would be possibility
to enhance recovery of motor functions if an exoskeleton robot to assist human body can
be controlled by their brain activities. For the purpose of brain activity based assistive
robot, portable measurement system such as EEG is suitable to control assistive robot.
However, the portability lead to signal vulnerability, and it is difficult to estimate human
motor intention. Moreover, we have difficulty in estimating human motor intention in
detail from EEG to control assistive device. In this study, we combined the EEG-decoding
technique into exoskeleton robot that has autonomous technologies and was able to control
big forces　 precisely by PE-Hybrid actuation system. This system enable us to control
the exoskeleton robot based on brain signals. The human motor intention was estimated by
classification using covariance matrix of EEG data as an input. Then, the exoskeleton robot
was controlled by user’s motor imagery. As a results, the EEG-based robot system was able
to control robustly by brain signals even in the presence of human-robot interaction.

From this study, I found that we can control the multi-DoF assistive robot system ro-
bustly taking advantage of the redundancy of high dimensional bio-signals.

7.2 Future Direction

In this study, I proposed multi-channel bio-signal based robust human-robot interface
to control assistive robot. This study may be useful to our society where sensor technology
is more and more developing to yield practical application of assistive devices such as not
only exoskeleton robot but also general purpose type of humanoid robot. In the future, I
will extend this proposed approach to deal with wider variety of movements with multiple
sensor channels. Some conventional studies have used non-linear model such as neural
network to control multi-DoF robot from bio-signals [69]. However, this kind model have
generalization problem against new motion which was excluded from calibration data, and
also new subject. In order to generally estimate wider variety motion, basic feature of hu-
man motor intention need to be investigated. The proposed multi-channel bio-signal based
human movement model in this study focused on connectivity among bio-signals to esti-
mate human motor intention and cope with sensor anomaly. This connectivity of muscle
or brain activation has possibility to explain the basic motor element, because the evi-
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dence that neural connection between certain muscles coordinately controls some muscles
is physiologically supported [127] [128].

If we can deal with basic features of motor, we have possibility to control the feature
inversely. In fact, recent neuro science study found that repetitive inductions of particular
activation pattern in human early visual areas lead to visual performance improvement to
a specific visual feature using decoded fMRI neurofeedback techniques [129]. Thanks to
recent large scale integrated technologies, multi-channel bio-signals also have the potential
to capture the feature of motor skills. High dimensional bio-signal based wider variety
robot control technologies will be able to use to change the feature of human motor by
physical interaction, and advance the existing assist robot framework to motor skill transfer
framework. This new robot control frame work will be more helpful for the rehabilitation
application of unhealthy people, training system of healthy people, and also motor learning
research.
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