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Abstract

Post-stroke motor recovery highly affected by patients’ active participation in rehabili-
tation. Surface electromyography (EMG) signals are related to a subject’s intention.
It is also one of the most widely used biosignals in the area of motion intention estima-
tion and rehabilitation robot control. However, due to the complicated relationship
between multiple muscles and movements, few studies have applied continuous multiple
EMG signals to control rehabilitation robots and provide assistant to users’ multi-joint
movements in real-time.

In this dissertation, new methods for decoding EMG signals during robot-assisted
movements are proposed and applied to manipulate a cable-based rehabilitation robot.
Different EMG decoders for continuously estimating voluntary motion intention are
developed to fulfil different rehabilitation needs. These decoders are used to establish
a human-robot cooperative control scheme for promoting users’ active participation in
rehabilitation.

Firstly, an EMG decoder is build up with a switching mechanism and submodels
for decoding EMG signals to motion need forces during a multi-joint complex task
in three-dimensional space. The switching mechanism aims to carve up the task into
separate simple subtasks. For each simple subtask, a linear six-input three-output
time-invariant submodel is established by the state-space modelling method. The
inputs are the processed muscle activations of six arm muscles, and the outputs are
motion need forces of users when executing the task with visual feedback. The outputs
are used to indicate three motors of the robot. The switching logic of the mechanism is
to change the parameters of each submodel by times. However, we observed a ‘bump’
behaviour of the estimated forces (i.e., discontinuity) when switching parameters of
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two submodels. A sudden change in control signals of motors might cause unexpected
impacts on patients, so it is unacceptable during rehabilitation.

After that, to improve the smoothness of the estimated forces, we attempted to
maintain the continuity of the decoder outputs when switching among submodels. A
bumpless switching mechanism is proposed by constructing a generic multirealisation
for all submodels. The generic multirealisation has a common output matrix, which
helps to continuously predict the outputs. For submodels with the same order, the
multirealisation is constructed by finding the common denominator matrix of the
subsystems’ Matrix Fraction Description (MFD). Furthermore, the best submodel,
in terms of goodness of fit, established in each simple subtask, may have a different
order. For different-ordered submodels, the generic multirealisation is constructed by
finding the common highest-degree-coefficient matrix and expanding the hidden states
of submodels. To this end, the bumpless switching mechanism for achieving continuous
outputs is achieved.

Finally, to expand the application of a rehabilitation robot, it is vital to use less
and accurate EMG decoders for multiple tasks and to reduce the impact of individual
differences. A decoder based on a time-variant long short-term memory (LSTM)
network is proposed. We attempt to train one LSTM network for each time step, so
the decoder is seen as a time-variant system. All parameters of the decoder are trained
with error functions of both time step accuracy and task accuracy. This method does
not need a secondary feature extraction or preprocessor and can be applied in real-time
robot control.

The experiments for examining these decoders included model training, model
testing, and online verification to control the robot in real-time. Healthy subjects
who participate in the linear system-based EMG decoders and nonlinear system-based
EMG decoders were instructed to perform different tasks in three-dimensional space
with visual interactions.

Experimental results demonstrated that EMG decoders with the switching mech-
anisms and linear system-based submodels could effectively recognise arm motion
intention and provide appropriate assistance to users. The outputs achieved by the
bumpless switching mechanism with submodels are significantly smoother than those
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without it. The bumpless switching mechanism can avoid users from the risk of unpre-
dictable loads. These approaches performed well in specific subjects and tasks with no
need for an immense database and complicated model parameters.

The results of the time-variant LSTM-based decoders showed that this nonlinear
system approach outperforms linear system approaches in both model testing and
online verifications. The complicated structure and well-trained parameters ensure that
the nonlinear system approach does not need to take account of individual differences
when applying in real-time. The findings also suggested that the time-variant LSTM
system decoders may be feasible for practical use in both single and multiple complex
tasks.

An investigation on the differences in recruited muscle patterns when users perform
multi-joint multi-directional arm movements with the robot assistance or naturally
without a robot is carried in this dissertation. The results indicated that both the
natural and robot-assisted multi-joint movements could be generated by similar sets
of synergies of limited dimensionality. This is a supportive finding that the proposed
human-robot cooperative control strategy based on a proper EMG decoder may not
significantly affect human motion control pattern while supporting users.

Furthermore, the effects of task variety and tracking accuracy by visual feedback
on muscle synergies and their activation patterns were explored by statistic analysis.
The results showed that, for active rehabilitation applications, if the purpose is to
enhance the synergy indication from the neural system, the task completion accuracy
should be emphasised. If the purpose is to expand the motion area, the task variety
should be diversified. These results supported that different decoders should be used
and developed to meet the different assistance requirements of post-stroke patients.

In conclusion, the proposed EMG decoders based on the linear system approach
and the nonlinear system approach have a wide range of application in rehabilitation.
These approaches showed high potential in controlling robots to support users with
safe, smooth, and accurate assistance in rehabilitation.
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Chapter 1

Introduction

-

1.1 Problem Statement

Stroke is one of the biggest killers in Australia and worldwide. It is also a leading
cause of motor disability. A stroke occurs when a vessel supplying blood to the brain
is suddenly blocked (an ischaemic stroke) or ruptures (a haemorrhagic stroke). Both
strokes may lead to part of the brain dying, which in turn causes sudden impairment
and problems with a variety of bodily functions [8]. In Australia, there were more than
56,000 new and recurrent strokes in 2017. Worse still, this number will more than
double by 2050 [9]. The annual financial cost of stroke in Australia in 2012 was around
$3 billion [10]. However, the high financial costs caused by stroke do not constitute
the biggest impact to society. It is instead the loss of healthy life and the long-term
impacts on individuals, families, and society. Furthermore, the health care costs of
stroke will inevitably increase owing to the corresponding rise of the aging population
worldwide.

Individual impairments caused by stroke mostly involve a combined loss of motor,
sensory, and cognitive functions. The loss often leads to weak muscles, reduced
movement coordination, and diminished ability in thinking, communicating, decision
making, feeling, vision, and hearing. Most survivors after stroke normally suffer from
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neurological deficits, which cause muscle weakness and loss of movement ability (i.e.
paralysis) in their limbs. Accordingly, their ability to perform daily living activities is
restricted. As reported by [10, 11], 65% of survivors suffer a disability that impedes
daily living activities, and 30% of survivors are of working age (i.e., under 60).

To help stroke survivors to return back to their normal lives, long-term rehabilitation
treatment after initial intervention should be highly encouraged. It is generally accepted
that for people with impaired limbs, repeating multiple functional multi-joint exercises
is a vital and common form of stroke rehabilitation. Thus, common rehabilitation
programs are composed of repetitive, frequent, and intensive movements. These
programs mostly aim to reduce permanent damage and enhance adaptation, therefore
increasing patients’ motion ability for the performance of their daily living activities.
It is possible for survivors to partly or fully regain motor functions by undertaking
an individual rehabilitation program which starts immediately after their condition
is considered stable. Many studies reveal that recovery of motor function is linked to
motor learning during repetitive movements, and if the amount of repetitions is large
enough, structural neurological changes can be induced [12, 13]. Repetitive movements
lead to increases in sensorimotor activity, and this is mainly related to neural plasticity,
which is the ability of adjacent areas of the damaged brain to reorganise and compensate
for the loss of function. Structural neurological changes may be the ultimate goal
to substantially improve patients’ motion ability and quality of life in a long-term
rehabilitation phase.

In a traditional rehabilitation program, physical therapists treat stroke patients on
a one-on-one basis. The most significant shortcoming is that therapists often perform
heavy physical labour. The number of patients receiving treatment is also severely
limited by the number of therapists. In Australia, the number of registered therapists is
far fewer than the number of new strokes each year [14]. On the other hand, when the
physical therapist manually assists the patient to perform repetitive movements, the
therapist can be prone to fatigue, and this may even cause injury. Thus, the amount
and duration of treatment given to patients in a stroke outpatient clinic [15, 16] is far
less than the necessary treatment that can induce structural neurological change. This
is because therapists are often unable to give patients the time and attention that they
require for maximum recovery. Furthermore, through the use of fixed measuring scales,
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it may be challenging to quantify accurately the improvement in patients’ motion
ability after the rehabilitation intervention performed by physical therapists. Therefore,
patients’ rehabilitation progress and functional evaluation are severely restricted by
factors such as the fatigue of physical therapists, time, limited budgets, and insufficient
objective rehabilitation assessment progress.

The increasing demand for stroke rehabilitation makes the capacity of the existing
health care system increasingly strained. Therefore, both physical therapists and
patients require a highly efficient system that can provide patients with sufficient high
quality rehabilitation treatment. Based on this demand, researchers have developed
many rehabilitation tools and training methods. One of the advanced methods is
the development of robots and auxiliary training methods with robotic systems. It is
known that robots can be controlled to complete precise actions without experiencing
the fatigue associated with humans, and they make fewer mistakes. In the robot-
assisted treatments, therapists can focus on designing rehabilitation programs and
monitoring treatment progress without having to employ physical effort. Furthermore,
the robot can quantitatively evaluate the user’s motion ability in real time during
the treatments, thereby more accurately and objectively evaluating the rehabilitation
effect. In addition, robotic technologies can also enable family or group therapy, e.g.,
one therapist can serve multiple patients simultaneously [12]. Therefore, robotics has
received widespread attention in the field of rehabilitation. In order to match the
characteristics of rehabilitation and meet the patients’ recovery demands, researchers
mainly develop robotics from two main aspects. The first is the design of the robotic
structure, and the second is the development of robot control strategies.

In terms of robotic structure, researchers have mainly developed three types of
structures, including endpoint-fixation systems (e.g. MIT-Manus [17]), exoskeleton
systems (e.g. ARMin [4], Washington Univ.[18]) and cable suspension systems (e.g.
Freebal [19]). These structures can be used in different stages of a rehabilitation
program, but they have particular advantages and disadvantages.

Serial robots (mainly end-point fixing systems) have simple transmission structures
and can be easily controlled, but they frequently have a relatively large mass and
volume, which means they are inconvenient for the purposes of transportation. A
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major disadvantage is that when these robots provide assistance to the limbs through
the means of rigid structures, they can pose risks to patients [20].

Compared with serial robot systems, parallel robot systems with a cable-driven
structure can interact with users more compliantly. The cables are connected to an
end effector and a fixed frame through connectors. Movements of the end effector are
completed by changing the length of the cables while maintaining the cable tension
[21]. Parallel robot systems usually have a large working space, which can meet the
space requirements of different patients and different movements in rehabilitation.
With a cable-driven structure, the transmission structure can be adjusted by changing
the cable connection points of the connectors and the end effector and relocating
the installation of the connectors on the frame. Different end effectors can also be
configured to assist the various movements of different limbs and joints. The different
components are highly functional and concentrated, and cables and end effectors are
generally lighter. Therefore, this structure can also be modular, and it has good inertial
behaviour [20]. It is also very convenient to assemble, disassemble, and transport. In
clinical applications, parallel robot systems with a cable-driven structure without rigid
links prevent the user’s limbs from being completely restrained, which increases the
safety of movements. These advantages mean that cable-based parallel robots have the
potential to be used as medical/commercial/home rehabilitation treatment systems.
However, the obvious disadvantage of the cable-based structure is that it can only
provide tensile force but not thrust, so its working space shape may be complicated
and irregular [20]. The impact on practical applications of this shortcoming can be
avoided by having a good transmission structure design and an accurate workspace
analysis.

The different rehabilitation robots mentioned above can be used for several goals,
e.g., 1) enhance the motion ability of healthy people, and improve their endurance to
learn the characteristics of human sports [22, 23]; 2) assist patients with limb movement
disorders in completing rehabilitation training, improving the rehabilitation effect, and
recovering motion ability to a healthy level [24, 25]. Although the goals may seem
different, the common requirement is that the robot should be capable of obtaining
and understanding the users’ motion intention and responding appropriately to provide
the needed assistance to users in the required amount of time. For this reason, the
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development of a robot control scheme that can recognise the users’ motion intention
and provide the appropriate level of assistance is one of the most important tasks in
the field of rehabilitation robots.

A widely studied method for recognising the users’ motion intention is based
on the estimation of the joint torques/forces required when performing motion [26].
The process of using the recognised motion intent to provide users with assistive
forces/torques is a typical control scheme for rehabilitation robots. This scheme can
provide users with different levels of assistance and can meet the patients’ needs in
rehabilitation. The goal of the assistance is usually to relieve the users’ burden and
improve their motion performance [27].

When it comes to the control schemes, like many robotic systems in other fields,
the basic control schemes (based on position, force, and torque signals of limbs during
movements)are mostly developed and mature. Furthermore, these control signals are
stable and can be collected conveniently. Some robots with control schemes based
on these signals have proved to be effective in offering accurate assistance to patients
in rehabilitation [28–31]. However, research shows that patients’ participation and
their own efforts will greatly affect the recovery outcomes [32]. But these signals
are not closely related to human effort so they cannot greatly increase the patients’
participation.

Due to the increasing demand for patient initiative during the rehabilitation process,
biosignals were introduced to control these robotic devices, such as Electroencephalog-
raphy signals (EEG), Electrooculography signals, Electromyography signals (EMG),
and voice signals. These signals are highly correlated with the particular subject’s
initiative. Among these biosignals, the EMG signal is relatively stable, hardly upset
by external factors, and has a high signal-to-noise ratio [33]. The EMG signal is
produced by motor neuron impulses which serve to activate muscle fibres during muscle
contraction. The surface EMG signal can be collected easily by pasting electrodes on
the skin surface. It can be collected continuously in different muscles simultaneously
by pasting multiple paired electrodes. It is highly related to muscle force and joint
torque [34, 35] and widely used in many devices for detecting user intent [36].
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Although EMG signals have been widely accepted for the purposes of controlling
devices, they are not easy to implement. This is because the relationship between EMG
signals and forces/torques is very complicated. During multijoint movements, if the
multiply related muscles contract several times, and the contraction level of each muscle
has a different amplitude, the resultant corresponding force is difficult to estimate.
EMG signal also involves a variety of nonlinear characteristics under different conditions
(i.e. static and dynamic) [27]. The different forms of muscle anatomy, muscle fatigue
level, and usage duration/placement of electrodes would all affect the characteristics of
EMG signals [37–39]. These changeable characteristics lead to the main drawback of
the EMG-based robot control scheme. That is the strict calibration with sophisticated
user-dependence and session-dependence, which is required for building a reliable and
precise estimation model. The calibration is time-consuming, and it needs to be done
both by letting users move limbs with and without the aid of a robot. Thus, multiple
EMG signals are still difficult to be applied in robot control in real-time and outside of
the laboratory environment.

Existing algorithms for estimating muscle forces and joint torques based on EMG
signals can be divided into physiological models [40], black-box systems for estimation
[41], and muscle activity pattern classifiers [42]. These methods are all required
to reduce the complexity of the calibration process while reducing the time cost of
computation. However, many related studies can only achieve discrete estimations on
motion intent, such as the prediction of wrist orientation changes and on-off decision
[43, 44]. The limited intent recognition used in robot control may cause problems in
terms of motion stability and smoothness, and it may severely limit application scopes.

There are also researchers who try to decode the user’s motion intention from the
EMG signal based on the Hill-based model with nonlinearity. This model has been
developed to describe the physiological structure of one muscle [45]. However, it can
only be applied when a small number of muscles are recruited for estimation, and it
requires muscle and joint motions to have a significant correspondence, such as the close
relationship between ankle joint motions and the gastrocnemius and tibial anterior
muscles [46]. Furthermore, the Hill-based model needs to be established for each
muscle separately, and a large number of unknown parameters need to be determined.



1.1 Problem Statement 7

This makes it quite difficult to apply this method in the intention decoding during
multi-joint multi-muscle movements.

Recent works propose that muscles can be collectively activated to form muscle
synergy that changes over time [47]. These works reveal that when a person performs a
movement, several muscles are recruited simultaneously but in patterns. Some studies
try to recognise these patterns known as synergies using classification methods, e.g. an
extended LDA-based algorithm and an extreme learning machine algorithm [48, 49].
Some studies have shown that the number of muscles can be reduced by representing
muscle activations in a low-dimensional space [50]. This is a similar finding to that of
muscle synergies because both of them extract the major information included in a
variety of muscle activities. These methods may be a robust way for intention decoding,
but not all of the information contained in EMG signals is identified. These pattern
recognition methods are more commonly used in the control of prosthetic devices,
because the residual EMG signals of amputated patients are relatively more complete
[51, 52]. However, the muscles and motor control characteristics of stroke patients may
change, and their motor control performance mostly consists of muscle weakness and
contractures. Therefore, the pattern recognition control method is relatively difficult
to employ in stroke rehabilitation.

Overall, although many reported rehabilitation systems are able to assist patients
during the execution of upper-extremity rehabilitation, most of the systems based on
position/force/torque signals only have a limited connection to human effort. In recent
studies, researchers have paid attention to patients’ efforts during rehabilitation. This
is because the positive outcome of rehabilitation is highly correlated with patients’
condition, attention, and effort [32]. Although EMG signals are well-known in terms of
being highly correlated with movement intention [35], there are many difficulties with
applying EMG as the control signals in real-time for controlling robots for the purposes
of supporting users’ multi-joint movements. Present EMG-based control strategies
of rehabilitation robots are restricted in tasks recruited to limited joints and limited
muscle. The changes in EMG characteristics under different conditions also need to
be solved. A rehabilitation robot based on EMG control strategies should be able
to support patients with dyskinesia who have different assistance requirements in a
variety of multi-joint tasks.
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1.2 Motivation and Aims

Motivated by the importance of human effort in rehabilitation and the limitations
in present EMG-based robot control strategies, this dissertation focuses on how to
continuously provide proper assistance to users based on EMG signals during robot-
assisted multi-joint tasks. A newly proposed strategy should be able to deal with
problems related to changeable EMG characteristics and computation time delays. It
should also be capable of being employed by different users with the same or a variety
of assistance requirements. In the dissertation, the platform named the cable-based
robot is a cable-based parallel structure for passive/active rehabilitation of the wrist,
elbow, and shoulder.

The research in this project has the following aims/outcomes:

• Develop a novel control strategy that is capable of continuously engaging users
to maximise their chances of achieving optimal motor recovery.

• The methodology for controlling the cable-based robot will be based on EMG
signals from a variety of upper limb muscles.

• Muscle activities during different multi-joint movements can be used to estimate
a user’s motion needed forces.

• The motion needed forces can be decoded continuously from different users’ EMG
signals in real-time robot controlling as the control signals.

• Through the means of a large number of experiments, a robotic platform based
on the proposed strategy will effectively assist users and enhance their motion
ability.

• Examin the effects of the robot assistance on users motor control by analysing
the coordination or synergies of multiple muscles.
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1.3 Dissertation Contribution

This dissertation presents EMG decoder approaches based on the linear system method
and nonlinear system method, which can satisfy different requirements in rehabilitation.
These approaches show high potential in decoding motion intent and controlling robots
to support participants with safe, smooth, and accurate assistance when they engage
in repetitive exercise.

The primary contribution of this dissertation has six aspects, as listed below:

1. This dissertation firstly proposed and applied an EMG-based control strategy
together with a decoder model for decoding EMG signals into motion needed
forces. The EMG-based control strategy is a human-robot cooperation control
scheme with visual interaction. The decoder model is composed of a switching
mechanism and multiple submodels. All submodels are built by a linear modelling
method, i.e., the state-space model. The decoder is used to reveal the continuous
relationship between the multiple muscle activities and motion needed force. This
state-space decoder model with a switching mechanism and submodels has the
proven capability of accurately estimating the motion needed forces during users’
voluntary multi-joint movements in real-time. This method can significantly
improve decoding performance in multidirectional upper arm movements rather
than other linear system methods. With this EMG-based control strategy, the
robot can provide appropriate assistance to users by revealing their voluntary
residual motor efforts.

2. This dissertation creatively proposes a bumpless switching mechanism for switch-
ing among the same-order submodels. This mechanism is designed to improve
an unexpected ‘bump’ behaviour (i.e., the discontinuity) of decoder outputs and
states during the switching between two submodels. This mechanism, together
with the same-order submodels, is successfully applied in the EMG-based control
strategy of rehabilitation robots. The outputs of the decoder achieved with the
bumpless switching mechanism are significantly smoother than those achieved
without this mechanism. The mechanism can prevent users from the potential
risk of unpredictable output bumps and thereby protect them.
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3. Based on the bumpless switching mechanism, a general bumpless switching mech-
anism is proposed for the first time in the area of robot control. This mechanism
is developed to diminish the bumps of decoder outputs during switching among
submodels with different orders. This mechanism is capable of selecting the
best submodel for every subtask. It can improve the decoder model estimation
accuracy, smoothness, and completeness when it is applied to robot-assisted
multi-joint tasks. The mechanism allows a random selection of submodel orders
and enlarges the application area of the proposed decoder model.

4. A novel time-variant Long Short-Term Memory (LSTM) method is firstly pro-
posed to deal with the changeable characteristics of different users in EMG-based
robot control. Unlike the traditional LSTM network, this method requires no
secondary feature extraction or preprocessors. This method solves the model
switching issues for the intention estimation during multiple tasks. Unlike most
of the previous EMG decoder models, the proposed time-variant LSTM method
significantly outperforms those decoders in subject-independence. This method
can improve the modelling efficiency for patients who have similar motor abilities
and similar rehabilitation aims. Its potential in multiple tasks indicates that
it may be suitable for the post-stage patients who have regained most of their
motion function and need to enlarge their motion area by random tasks.

5. This dissertation investigates the differences in recruited muscle patterns when
users perform multi-joint arm movements with the aid of a robot or naturally
without a robot. The possibility of describing multiple muscle activities during a
tracking task by a linear combination of sets of muscle synergies is examined. The
results indicate that both the natural and robot-assisted multi-joint movements
can be generated by similar sets of synergies of limited dimensionality. The linear
combination of synergies may thus be used in understanding the effect of the
EMG-based control method and designing strategies for restoring functions.

6. This dissertation also investigates the recruited muscle patterns of three multi-
directional tracking tasks with visual feedback interaction. The effects of task
variety and tracking accuracy by visual feedback on muscle synergies and their
activation patterns are explored. The task variety would affect the recruited



1.4 Dissertation Outline 11

synergies, and both the task variety and the visual feedback would affect the
duration and magnitude of the primary synergies. This investigation revealed
that for active rehabilitation if the purpose is to enhance the synergy indication
from the neural system, the task completion accuracy should be emphasised, but
if the purpose is to expand the motion area, the task variety should be diversified.
These results also support our other contributions that different decoders should
be used and developed to meet the different assistance requirements of post-stroke
patients.

The outcome of this dissertation is a natural integration for human-robot cooperation
by using surface EMG signals for continuously, accurately and stably revealing the
voluntary motor intention of users. Overall, this dissertation offers reasonable choices
in a human-robot cooperation EMG-based robot control strategy with different EMG
decoder models. The EMG-based control strategy shows high potential to control a
cable-based robot to assist stroke patients who have the residual motor ability and
different assistance requirements during rehabilitation.

1.4 Dissertation Outline

The outline of the dissertation is as follows:

Chapter 1
This chapter gives an introduction to the problem statement, motivation, and aims of
the dissertation and provides an introduction to the contribution and outlines of the
dissertation.

Chapter 2
This chapter firstly gives a brief introduction to the physiological structure of human
upper limbs and a basic outline of rehabilitation. Then it introduces a literature review
of related research topics to give a clear understanding of the rehabilitation robot and
associated control strategies, especially those of EMG-based control schemes. Finally,
the cable-based parallel rehabilitation robot used in this dissertation is introduced.
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Chapter 3
This chapter describes the details of a state space modelling method that manipulates
cable-based rehabilitation robots to assist multi-joint body motions. This uses an
EMG decoder for continuous estimation of voluntary motion intention to establish
a cooperative human-robot interface for promoting participation in rehabilitation
exercises. In particular, for multi-joint complex tasks in three-dimensional space, a
switching mechanism has been developed which can carve up tasks into separate simple
motions. For each simple motion, a linear multi-inputs multi-outputs time-invariant
model is established respectively. The experiments for examining the decoder model
and EMG-based controller include model training, testing, and online verification
application phases.

The work in this chapter has been published in:

• Yao Huang, Rong Song, Ahmadreza Argha, Andrey V. Savkin, Branko G. Celler,
and Steven Su, “Continuous description of human 3D motion intent through
switching mechanism,” IEEE Transactions on Neural Systems and Rehabilitation
Engineering, vol. 28, no. 1, pp. 277-286, Jan 2020.

• Yao Huang, Steven Su, and Rong Song, “Voluntary intention-driven rehabilitation
robots for the upper limb,” in Intelligent Biomechatronics in Neurorehabilitation,
Academic Press, pp. 111-130, 2020.

• Yao Huang, Ying Chen, Jie Niu, and Rong Song, “EMG-Based control for Three-
Dimensional upper limb movement assistance using a cable-based upper limb
rehabilitation robot,” in Proc. 2017 International Conference on Intelligent
Robotics and Applications, pp. 273-279, August 2017.

Chapter 4
This chapter describes the details of a bumpless switching mechanism together with the
same ordered submodels. The switching mechanism in Chapter 3 can accurately decode
EMG signals but it was observed that a ‘bump’ behaviour of decoder output (i.e., the
discontinuity) occurred during the switching between two subtasks. The bumps of
outputs might cause unexpected impacts on the affected limb and thus potentially injure
patients. To prevent this undesirable transient behaviour, we attempt to maintain
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the continuity of the outputs during the switching between multiple EMG-decoder
submodels for subtasks. A bumpless switching mechanism is proposed and applied
in the control strategy of rehabilitation robots. Numerical simulation and real-time
experiments are used to investigate decoder performance. The work in this chapter
has been published in:

• Yao Huang, Rong Song, Ahmadreza Argha, Andrey V. Savkin, Branko G. Celler,
and Steven Su, “Human motion intent description based on bumpless switching
mechanism for rehabilitation robot,” under review at IEEE Transactions on
Neural Systems and Rehabilitation Engineering.

Chapter 5
This chapter describes the details of a general bumpless switching mechanism together
with the different-ordered submodels and the effects on the model performance of initial
hidden states of submodels. A common-order process is proposed and applied to realise
a bumpless switching mechanism among different ordered models. The performance
of this mechanism is verified by recruiting five healthy subjects to complete a square
shape tracking task together with the robot in three-dimensional space. The effects of
initial states are verified by experiments among four different kinds of initial states
with the same models. The work in this chapter has been published in:

• Yao Huang, Rong Song, Ahmadreza Argha, Andrey V. Savkin, Branko G. Celler,
and Steven Su, “EMG-based continuous motion intention description by a mixed-
order bumpless decoder for rehabilitation robots control,” ready to submit.

Chapter 6
This chapter describes in detail a method based on a LSTM network and a time-variant
system which is thought to achieve better performance in EMG-based robot control.
Unlike traditional methods, no secondary feature extraction or preprocessors are needed,
and there is the potential in one model to solve the model switching issues for the
estimation during multiple complex tasks. Subjects were instructed to produce three
multidirectional tasks in three-dimensional space without and with robot assistance.
The relationship between muscle activations from EMG signals and motion forces of
arm movements are mapped by training two LSTM models based on the data of each



14 Introduction

task and based on the data of all three tasks without labels. Furthermore, two methods
based on Linear Time-Invariant (LTI) systems, which are a switched state space model
and a PCA-based state space model, are also trained as comparisons. The work in this
chapter has been published in:

• Yao Huang, Rong Song, Ahmadreza Argha, Andrey V. Savkin, Branko G. Celler,
and Steven Su, “Continuous estimation of motion intention based on EMG signals
using a time-variant long short-term memory network,” ready to submit.

Chapter 7
This chapter investigates the possibility of describing a tracking task finished by healthy
participants with assistance from a Myoelectric controlled rehabilitation robot by a
linear combination of sets of muscle synergies. Thus, the differences are examined in
the neural control mechanisms by comparing the extracted main muscle synergies from
the task performed without and with robot assistance. The task required participants
to track moving markers in a multi-joint square shape in a horizontal plane in 3-
dimensional space. The tracking task was accurately described by a linear combination
of a variety of synergies extracted from the multi-joint task of each participant, both
with and without robot assistance. The synergies were compared between the two
conditions. The work in this chapter has been published in:

• Yao Huang, Rong Song, Ahmadreza Argha, Andrey V. Savkin, Branko G. Celler,
and Steven Su, “The effect of assistance from an EMG-based control robot on
upper limb muscle synergies,” ready to submit.

• Yao Huang, Ying Chen, Jie Niu, and Rong Song, “EMG-Based control for Three-
Dimensional upper limb movement assistance using a cable-based upper limb
rehabilitation robot,” in Proc. 2017 International Conference on Intelligent
Robotics and Applications, pp. 273-279, August 2017.

Chapter 8
This chapter analyses task effects and tracking accuracy on muscle patterns. Muscle
synergies and their activation patterns are identified and extracted from the EMG
signals during three multidirectional tracking tasks with visual feedback interaction. A
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standard method used in this chapter is the Basic Non-negative Matrix Factorisation
(BNMF) with initial estimation. By recruiting a modular organisation of muscle with
relative activities, the arm motion can be indicated by the neural system and generated
for performing a variety of motor tasks. The effects of task variety and tracking
accuracy by visual feedback on muscle synergies and their activation patterns are
explored by statistical analysis.

The work in this chapter has been published in:

• Yao Huang, Rong Song, Wenhui Chen, Hairong Yu, Ahmadreza Argha, Branko G.
Celler, and Steven Su, “The effects of different tracking tasks on muscle synergy
through visual feedback,” in Proc. 2019 41st Annual International Conference of
the IEEE Engineering in Medicine and Biology Society (EMBC), pp. 417-420,
July 2019.

Chapter 9
This chapter summarises the works of this PhD dissertation and presents the future
research developments





Chapter 2

Backgrounds and Literature
Review

In this chapter, we first briefly describe rehabilitation robots. Then, the rehabilitation
control strategies for solving the problems in this dissertation is introduced.

2.1 Physiological Structure of Human Upper Limb

2.1.1 Upper Limb Structure

The basic structure of human upper limbs is composed of shoulders, upper arms,
forearms, and hands. The bones that connect the main structures of the upper limbs
include the scapula, humerus, radius, ulna, and wrist bones. The main muscles of the
upper limbs include the deltoid muscles on the shoulders, the biceps and triceps on the
upper arms, and the brachioradialis on the forearms. The main joints of the upper
limb are the shoulder joint, elbow joint, and wrist joint. The basic structure of the
upper limb is shown in Fig.2.1.

Considering that this topic is mainly aimed at the situation where the shoulder
and elbow joints coordinate to drive the upper arm forearm movement, the following
describes the Degree of Freedom (DoF) of the relevant structure: 1) The shoulder joint
has three DoFs including abduction/adduction, internal rotation/external rotation,
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Fig. 2.1 Arm muscles and bones (http://healinghealthyholistic.com/category/anatomy-
physiology/).

and flexion/extension; 2) The upper arm is fully constrained, with zero DoF; 3) The
elbow joint has only one DoF in flexion/extension; 4) The forearm has only one DoF
of rotation in/out.

2.1.2 Main Muscles Responsible for Upper Limb Movements

When the upper limbs complete different movements, different muscles are involved.
This topic considers movements with comprehensive multiple DoFs. Therefore, first,
some major muscles involved in the thesis are introduced.

Brachioradialis (BR) is innervated by the radial nerve, posterior fascicle nerve,
superior trunk nerve, and C5 and C6 nerve roots. The physiological position starts
from the upper two-thirds of the lateral supracondylar ridge of the humerus and ends
on the lateral surface of the base of the radial styloid process. It is the first muscle on
the outside of the biceps tendon. This muscle is the only major elbow flexor muscle
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that is not innervated by the musculocutaneous nerve. It can be activated by flexing
the forearm in a neutral position.

Biceps brachii (BIC) is innervated by the musculocutaneous nerve, lateral tract
nerve, superior trunk nerve, and C5 and C6 nerve roots. It is mainly divided into
lateral head and medial head. Its physiological position mainly starts from the coracoid
process of the scapula and the scapular glenoid nodule and ends at the back of the
radial tuberosity. This muscle can be activated by flexing and supinating the forearm
at the elbow joint.

Triceps brachii (TRI) is innervated by radial nerve, posterior fascicle nerve, superior
trunk nerve, middle trunk nerve, inferior trunk nerve, and C6, C7, C8 nerve roots.
It is mainly divided into lateral head, long head, and medial head. Its physiological
position mainly starts from the back of the humeral shaft and under the glenoid of the
scapula and ends at the back of the olecranon process. This muscle can be activated
by using the elbow joint to extend the forearm.

Deltoid is innervated by axillary nerve, posterior fascicle nerve, superior trunk
nerve, and C5C6 nerve root. It is mainly divided into the front part (Anterior Deltoid,
DA), the middle part (Middle Deltoid, DM), and the rear part (Posterior Deltoid, DP).
The physiological positions of the three parts start respectively from the upper front
edge of the outer clavicle, the upper outer edge of the acromion, and the lower edge of
the scapular spine, and all end at the humeral deltoid tuberosity. DA can be activated
by flexing and internally rotating the upper arm. DM can be activated by the upper
arm abduction. DP can be activated by extending and externally rotating the upper
arm to the back.

Then, the range of motion of each DoF and the mainly involved muscles are
introduced and summarised in Table 2.1.
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Table 2.1 Degree of freedom of the upper limbs, mainly related muscles and their range
of motion.

Structure DoF Mainly related muscle Range of motion

Shoulder

Flexion Coracobrachialis, Anterior deltoid,
Clavicle of pectoralis major, Short head
of biceps

70°-90°

Extension Latissimus dorsi, Posterior deltoid,
Long head of triceps

40°-45°

Adduction Pectoralis major, Latissimus dorsi, Sub-
scapularis

20°-40°

Abduction Middle Deltoid, Supraspinatus, Long
head of biceps

80°-90°

Pronation Latissimus dorsi, Pectoralis major, Sub-
scapularis, Anterior deltoid

70°-90°

Extorsion Infraspinatus, Teres minor 40°-50°

Elbow
Flexion Brachialis, Biceps, Brachioradialis 130°-150°
Extension Triceps 0°-10°

Forearm
Pronation Pronator teres, Pronator quadratus 80°-90°
Extorsion Supinator, Biceps, Brachioradialis 80°-90°

2.2 Basic Knowledge of Rehabilitation

2.2.1 Rehabilitation Tasks

The design of upper limb rehabilitation exercises should conform to the actual operating
space of the human body, so the size of the human limbs must be used as a reference
basis. Two dimensions of limbs’ motion are considered simultaneously: one is the size
of the human body structure in a static state, and the other is the motion area. In
this dissertation, the arm motion is focused. The static size is mainly the length of the
upper arm and forearm when at rest. The motion area of the upper limb is mainly the
range of motion of the upper arm, forearm, and hand. For all recruited subjects, we
measured and recorded their height, weight, and the length of the upper arm, forearm,
and hand. Combined with the size relationship between the limbs of the typical size of
the human body [53], the upper limb movement reachable space of all subjects can
be calculated. All tasks in this dissertation are designed within the intersection of all
subjects’ reachable space.
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The existing rehabilitation theory divides rehabilitation exercises into the following
four categories according to the degree of active participation of patients in the process
of completing rehabilitation auxiliary exercises [54]: 1) Passive mode [55]: During the
training process, the patient does not actively participate at all, and the training is
completed with human/machine assistance; 2) Active-assisted mode [55]: During the
training process, the patient has a certain degree of active participation together with
the assistance from therapists/machines;3) Active mode: During the training process,
the patient actively controls the limbs to complete the training without human/machine
assistance; 4) Active-constrained mode [56]: During the training process, the patient
completes the training while overcoming additional resistance.

Different exercise modes have different requirements for patients’ muscle strength
and motion control ability. Among the modes mentioned above, the requirements
for the motion control ability of patients from weak to strong are the passive mode,
the active-assisted mode, the active mode, and the active-constrained mode. The
modern rehabilitation treatment process may include the above four modes. The
therapist designs a suitable rehabilitation treatment plan for a patient based on his/her
actual physiological condition after a stroke, combined with different modes. The
optimal expected result of the treatment plan is that the treatment plan can effectively
enhance muscle strength and restore motion control ability. In order to achieve different
rehabilitation training modes, many researchers have carried out research on the control
strategies of rehabilitation robots.

Based on different structures and different control strategies of rehabilitation robots,
therapeutic programs can be classified into a passive range of motion, an active range
of motion, an active-assisted range of motion, and an active-constrained range of
motion [54]. All the programs are widely accepted and applied in clinical post-stroke
rehabilitation. The basic challenge of designing a robot-assisted rehabilitation treatment
is to execute predesigned tasks and provide assistance or resistance under different
requirements [57]. Depending on the actual motion ability of post-stroke patients, the
treatments should improve their motion ability and activity functions. For example,
the passive range of motion mode is to move the upper limbs of post-stroke patients
independently by a well-controlled robot [54]. Gravity compensation is a typical active-
assisted range of motion therapy programs [58] that can improve the participation of
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robot-assisted rehabilitation training. Gravity compensation is a typical active-assisted
range of motion therapy programs that can increase the arm motion area and improve
the participation of robot-aided rehabilitation training [59, 58]. An EMG driven system
can finish both typical active range of motion therapy programs [60] while a most
active-constrained range of motion therapy programs can be realised by robots based
on position control[61].

2.2.2 Control Strategy Requirements

Motion ability conditions of different patients
Mainly consider the patient’s muscle strength level. Patients with hemiplegia are
often divided into the following three levels [62]: 1) Paresis score>3: patients’ muscle
strength is weaker than healthy people, and patients can still complete most of the
daily exercises; 2) Paresis score=2/3: patients’ muscle strength is weaker than those
patients in 1), and patients can complete some activities with assistance; 3) Paresis
score<2: patients’ muscle strength is weaker than all other patients, and patients
cannot move their limbs independently.

Safety during training
The patient’s limb movements may not be easily controlled. Therefore, it is easy to
suffer from secondary injuries during training. In rehabilitation training, the absolute
safety of the patient’s limbs is the most basic requirement. The safety of patients needs
to be guaranteed from various aspects such as training strategy, robot platform safety,
and strict supervision by therapists.

Effectiveness of training and robot assistance strategy
The designed rehabilitation robot-assisted training strategy should be able to assist
patients in completing a variety of tasks effectively. It should also be able to promote
the progress of their rehabilitation and achieve the purpose of helping them recover
their athletic ability. In the robot-assisted training, combining the observation of
therapists, the patient’s perception of changes in motion ability, and the objective data
measured by the robot sensor system, a data basis can be obtained to analyse and
reveal the effectiveness of the training strategy.
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Diversity of training tasks
In robot-assisted rehabilitation training, it is necessary to provide as many optional
training strategies and tasks as possible. This can introduce a variety of methods to
restore motor function for different patients, and their different rehabilitation needs
[63, 64].

2.3 Literature Review

2.3.1 Rehabilitation Robots

A serial robot means that the transmission chain of the robot consists of a set of
rigid connecting rods. The rigid rods are connected in pairs by rotatable or movable
joints. The rods can be driven by moving the connected joints. A serial robot is a
traditional form of the robotic system. This kind of robot has the advantages of simple
configuration and low construction cost.

One of the most famous and successful rehabilitation robots in the rehabilitation
area is the MIT-Manus [65]. It is a two-link serial robot with two DoFs and can interact
with a user’s arm in a workspace in the horizontal plane [1]. Fig. 2.2 is a side view
showing the MIT-Manus robot and how a patient visualises the exercise and move
his/her hand. A splint is used to secure the user’s forearm to the end-effector of the
robot. A torque sensor is used to detect the user’s arm motion torque. A virtual
interface is designed to offer different training scenarios to users. Clinical tests for
proving the effectiveness of the robot-assisted rehabilitation have been performed by
MIT-Manus. However, due to the structure limitation, not all arm movements required
in a typical rehabilitation therapy can be performed by the robot, especially those
multi-directional movements in 3D space. Therefore, many other approaches have been
proposed to overcome this limitation.

A spatial workspace can be obtained by combining various serial robots with
multiple DoFs. Assisted Rehabilitation and Measurement (ARM) Guide is a typical
sample and also is a singly-actuated robot. The ARM Guide robot and how a user
moves her arm with visual interactions are shown in Fig.2.3. It consists of a specially
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Fig. 2.2 The MIT-MANUS [1].

designed splint that can slide along an orientated linear constraint [2]. When using the
ARM Guide to support a user, the user’s forearm and hand are attached to the splint
which is driven through a chain by a motor. Extra balancing masses are compulsory
to balance the heavyweight of the frame. With the masses, the splint could remain
in any specific position, and the linear restraint could be placed with any pitch angle.
Although the ARM Guide allows wider movements in space, the heavy frame may
affect the user’s motion quality with robot-assisted assistance.

Fig. 2.3 The ARM Guide [2].

The Mirror-Image Motion Enabler (MIME) system uses a Puma robot with six
DoFs to interact with the user’s arm and support their arm motion with four modes
[55]. The MIME robotic system is shown in Fig.2.4. Three modes are unilateral with
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passive assistance, and one mode is bilateral with active-assisted assistance. With
the passive mode, the robot directly assists the arm in moving along preprogrammed
trajectories without user’s own willing of position, and orientation changes [66]. With
the active-assisted mode, the robot assists the affected arm of a patient along the
desired trajectories under the guidance of the healthy side and his/her initiative effort.
This system has been used in stroke patients rehabilitation therapy and compared with
traditional rehabilitation therapy. In clinical trials, the results of this robot-assisted
therapy showed a more significant increase in strength and reach extent than the
traditional therapy [56].

Fig. 2.4 The MIME robotic system [3].

ARMin is a semi-exoskeleton robot with haptic display and has four active and two
passive DoFs [4]. The robot structure is perfectly fitting human arms, and support arms
in 3D space shown in Fig2.5. With the signal collection in position, force, and torques
during a user’s arm motion, the robot can support the user in human-cooperative
therapy for arms as the user’s needs. The main drawback of this multi-DoFs semi-
exoskeleton robot is the difficulties of the robot transmission structure design and
analysis and the complexity of setting different users’ arms inside the robot.

These serial structure robots mostly have dense mass and a high number of mechan-
ical components, which makes them can not be transported or relocated easily. Their
main parts are mostly stiff structures and rigid links that potentially cause safety risks
when any one part of hardware or software occurs a fault [67]. Other shortcomings
are also prominent, including insufficient load-bearing capacity, low structural rigidi-
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Fig. 2.5 The ARMin and six adaptation choices (a-f) for different arm sizes [4].

ty, unsuitable for high-speed movements, and large cumulative control errors during
movements.

A parallel structured robot means that the transmission chain of the robot is
connected by a series of connecting rods. There is an interaction force between all
connecting rods so that they can support and restrain each other. This parallel
structure has the advantages of strong carrying capacity, high structural rigidity, small
cumulative control error during movements, and high control accuracy. However, the
rigid rods may also cause problems related to the heavyweight structure.

With the improvement of the requirements for control accuracy and user safety
in the field of rehabilitation robot, parallel structured robots driven by cables are
introduced to overcome the disadvantages of stiff structures and serious structures by in-
teracting with users more compliantly [20]. Compared with the rigid transmission chain,
transmission chain structure based on cables has various advantages, including strong
reconfigurability, relatively low energy consumption, ample motion space, lightweight,
low inertia, and fast operation speed. The structure of cable-driven robots is mostly
light and portable that bare no rigid collisions would happen between robots and
users. The good reconfigurability and ample motion space can meet the requirements
of different rehabilitation training modes. The cable-driven structure provides comfort,
safety, and multi-motion options for both patients and therapists in clinical trials based
on its flexibility and adjustability. These users’ arm motion has been proved can be
supported in a 3D space utilising various cable-driven parallel robot systems.
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The GENTLE/s project combines a parallel cable-driven robotic system, haptic,
and virtual reality technologies to develop new and motivating therapies for neuro
and physical rehabilitation [68]. During robot-assisted movements, the user’s arm is
constrained in an elbow orthosis which is suspended to the frame Fig.2.6. The effects
of arm gravity can be eliminated for achieving the active-assisted mode. GENTLE/s is
dedicated to helping increase sensory input, relearning brain stimulation, and achieving
the goals of improving arm motor independence and coordination [69].

Fig. 2.6 The prototype of GENTLE/S [4].

Multi-Axis Cartesian-based Arm Rehabilitation Machine (MACARM) is a cable-
driven robot developed for the upper limb rehabilitation proposed by Mayhew D. et
al. [70] A cubic frame is designed to configure motors and connectors that connect to
cables and an end-effector Fig.2.7. The end-effector locates in the spatial centre of
the frame and has six DoFs. The forces during end-effector movements are recorded
by a 6-DoF load cell. The path repeatability of MACARM has been demonstrated
favourable for robotic rehabilitation [5].

Marisa Robot (MariBot) [7] is a 5-DoF upper arm rehabilitation robot based on a
3-Dof prototype Neurorehabilitation Robot (NeReBot) [6]. The robot shown in Fig.2.8
is a combination of a 2-DoF plane serial manipulator and a 3-DoF parallel cable-driven
structure. The serial manipulator is designed for locating the cable-driven structure
to the aim positions on the horizontal plane. The robot provides assistance to a user
by pulling the cables connected with a splint. The user’s forearm is constrained by
the splint and always moves together with the splint. During assisted movements, a
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Fig. 2.7 The MACARM cable-driven robot [5].

graphical interface is introduced to catch the user’s attention on movement performance.
The clinical tests for the robot revealed an increase in motor recovery and positive
functional outcomes [71].

Fig. 2.8 The NeReBot and MariBot [6, 7].

Since the end-effector of these cable-based robots mostly runs under low-speed and
cables’ configurations may increase interference, the workspace volume of a parallel
cable-driven robot may be constrained [72]. At the same time, the control of parallel
structured cable-driven robots is more complicated than serial structured robots. To
solve the problems, the frame structure and cables’ configurations of this kind of
robot should be designed appropriately, and the accessible tasks for users should be



2.3 Literature Review 29

well-preprogrammed. Based on the analysis and clinical effects of the above-mentioned
rehabilitation robots, a parallel cable-driven structured rehabilitation robot is a good
choice that can take into account the rehabilitation training function while satisfying
the safety and comfort of the patient.

2.3.2 Control Strategies

The major aim of the robot-assisted rehabilitation is to restore neuroplasticity through
a variety of training modes and to improve user’s initiative motor function. Therefore,
the robot control strategy that controls how a robot physically interacts with users is
one of the most important core problems in rehabilitation robot design. For many years,
people have tried to reveal the nature and laws of human’s motion from a variety of
signals generated during human’s initiative movements and then used to predict motion
intentions. These signals include kinematic and dynamic signals such as position, force,
torque, and also various bio-signals [73].

Due to the increasing demand for the patient initiative during the rehabilitation
process, biosignals which are closely related to the human effort is highly focused.
Bio-signals are regarded as direct information that is related to human movements.
It is fully accepted that the correlation between EMG signals of specific muscle and
various movements are undeniable. With the noninvasiveness and relative robustness
in the EMG collection, the EMG signal has been proved effectively applied in the field
of prostheses, exoskeleton, stroke rehabilitation, and robot control. EMG-based control
strategies have become a popular and practical hotspot in the rehabilitation robot
field [43, 74–77]. Compared with the physical sensor-based robot control strategy, the
biosensor-based robot control strategy for rehabilitation can more naturally trigger
movements by human intention motion.

EMG signals are capable of reflecting muscle activities and status, which is required
for robot-assisted rehabilitation therapy. In the early stages of rehabilitation of clinical
trials, muscle activities of post-stroke patients have most possibly stayed at a low
activation level, and their muscle strength is mostly weak. Based on the EMG signals
in this stage, the training mode and task difficulty should be easy to encourage patients’
initiative and control robots easily. In the later stages of rehabilitation, patients’ muscle
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activities are always higher after a period of training, and they have stronger muscles.
In this stage, the training mode and task difficulty should be changed to adapt to
patients’ motion ability better. Recent work by Colombo et al. has described a robot
that can match the abilities of each patient in different stages by task difficulty levels
[78]. This work has proved to bring positive effects on patients’ motor recovery. [66].

To better explore patients’ motor function and assist patients, recent studies have
attempted to develop neural networks that map EMG signals to muscle strength and
apply them in robot-assisted rehabilitation. Specifically, EMG decoders are mostly
used to estimate motion intention from EMG signals [79, 80] and are highly concerned
with control strategy and motor function evaluation research. There are two main
design schemes for them: pattern recognition and direct control [81].

The pattern recognition scheme in myoelectric control is more likely to extract and
classify basic patterns that happen during motion. Phinyomark et al. [82] analyzes
time and frequency domain features and found four groups of features that are mainly
useful for EMG-based motion pattern recognition. Antuvan et al. [49] applied an
extreme learning machine together with using synergy feature for online myoelectric
control. The method shows the robustness of online decoding of upper-limb motions
and motor intentions. However, despite its reliability in results, the outputs of the
scheme are predefined motion classes, the number of patterns that can be chosen is
limited [83]. The requirements of the coordination of multiple physiological degrees of
freedom across multiple joints and the continuity among different classes are intractable
issues that needed to be addressed [84]. In the field of rehabilitation robot control,
simultaneous and continuous control of multiple DoFs is necessary.

For a direct control scheme, the main aim is to estimate forces or torques in time
series for simultaneously controlling robotics or prostheses directly from EMG signals
or their characteristics. Based on muscle’s physiology characteristics, a nonlinear
Hill-based muscle model is derived for continuously predicting the limb moment from
the muscle activities and joint kinematics [85]. However, due to the vast parameters
needed for each muscle and nonlinearity of the model equations, the hill-based model
is rarely applied in control involving multiple joints and muscles.
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By applying binary or multiclass classification algorithms, the robot can be con-
trolled in discrete mode. Dipietro et al. map the EMG signals into the binary output
for determining the onset and end of the movement [44]. Ding et al. represent the
relationship between the EMG patterns and predefined static postures or movements by
the Artificial Neural Network algorithm [86]. For continuously controlling a single joint
robot to assist participants, apart from the Hil-based model [85], a linearly proportional
EMG control strategy is proposed [60]. Based on the theory of muscle synergy [47]
and movement primitives [87], Artemiadis et al. [50] proposed a state-space model
with reduced dimensionality for continuously mapping the EMG signals to multi-joint
movements.

However, the performance of these models is mostly task-dependent and participant-
dependent, which settles a big challenge in modelling accuracy with reduced model
dimensionality. Moreover, although the linear system modelling methods are easier to
be realised and only required individual data for training parameters, the nonlinearity
of EMG signals is not fully considered, and more movements related to various DoFs
are needed to be represented.

With the development of nonlinear system methods and deep learning methods in
biological signals, lots of strategies that can solve many complex problems have been
proposed. The non-stationarity of EMG signals across sessions and achieve much better
performance are reported by using a decoder model based on kernel ridge regression
[88], and a three domains fuzzy wavelet neural network algorithm [89]. In the research
of Kiguchi et al. [79], a neuro-fuzzy matrix is used to establish the relationship between
EMG signals and joint torque. Choi et al. have established an artificial neural network
[90] to estimate the pinch force from several segments of EMG signals. Zhang et al.
have proposed a nonlinear force prediction model through the BP neural network
[80]. Moreover, some studies also combined different deep learning methods such
as convolutional neural network, Recurrent Neural Network (RNN), and LSTM to
obtain a much general and robust algorithm with even better performance in decoding
EMG signals [83, 91]. Machine learning methods with enormous data support have
shown great power for myoelectric control while some variabilities such as fatigue, and
physiological factors of EMG signals still need more investigation [92].
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Generally, deep learning methods try to extract features on multiple levels of
representation and learn very complex functions with the composition of several layers.
An advantage also shows in the learning procedure where layer features can be learned
without human designing [93], and also no physiological significance needs to be
related. It is much easier to be applied in real and commercial rather than traditional
linear system methods which require dedicated design based on biomedical experts.
Although most of the mentioned research has demonstrated impressive power in force
estimation, and controlling prostheses and rehabilitation robots, the complexity and its
requirements in data size, and time cost training procession are key points in results.

Compared with other methods, one outperformed virtue of EMG control is that
a user can use his/her muscles to control the robot more naturally. However, the
muscle activation level is also affected by the electrode’s position, skin impedance
and time difference. For different individuals and individuals at different collection
times, the muscle activation level is not exactly the same. Therefore, few studies only
introduce multi-channel EMG signals as the control source to complete the entire
cycle of robot-assisted rehabilitation no matter with linear or nonlinear system-based
approaches.

To further increase the patient’s initiative to participate in rehabilitation, robot
control strategies that provide assistance based on the patient’s status and needs are
needed. In other words, the robot system needs to adaptively examine the patient’s
movement ability and provide appropriate assistance when needed. Krebs et al. has
proposed a ‘performance-based’ progressive control strategy with its core part as ‘assist-
as-needed’ mode [28]. This method encourages patients to involve in rehabilitation
therapy and maximise recovery extent actively. Today, the positive outcomes achieved
by actively participate in robot-assisted rehabilitation have made the ‘assist-as-needed’
mode become one of the most recognised paradigms [73].
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2.4 A Cable-based Rehabilitation Robot

2.4.1 Basic Structure and Components

A parallel structured cable-driven upper limb rehabilitation robot (denoted as a cable-
based rehabilitation robot) recruited in this dissertation is shown in Fig.2.9 and Fig.2.10
and designed by Yang et al. [94]. The basic structure of the robot includes a cubic
frame, a motor unit (DM1B-045G, Yokogawa, Japan) with servo drivers (UB1DG3,
Yokogawa, Japan), three cables connected to the motors, pulleys, and connectors,
and a selectable end-effector. The cubic frame is made of aluminium profiles and is
mainly used to fix the motors and connectors. The motor unit includes three motors
with stands and transmission components. The transmission components include a
rod responsible for winding cables and controlling the cable’s length when the motor
rotates, and a coupling accountable for connecting the motor shaft and the rod. The
cables are made of steel wire. One end of a cable is fixed on the rod, and the other
end is fixed on the end-effector. The cable passes through several fixed pulleys to
change the direction reflecting the force/torque from the motor to the end-effector.
The connectors and pulley are used to configure the workspace by connecting to cables.
The end-effector can be chosen as a splint or a glove according to training modes.
The end-effector links the three cables on a specific connection point. The DoF of
the end-effector is restricted at three by avoiding rotations in any dimensions. The
position of the end-effector in 3D space can be changed by pulling or loosening cables
controlled by three motors. A PXI integrated controller contained a high-precision
motion control card (4-axis, PXI-7340, National Instruments) is connected with the
motors and drivers for directly controlling motors. The rehabilitation robot adopts
PC to set control commands of the PXI controller to make it possible to realise more
complex control for application in rehabilitation.

The rehabilitation robot platform provides two sets of safety protection measures.
One is to set a safety threshold before transmitting instructions between the controller
and the driver. If the control signal exceeds the setting, the drive signal will be
limited under the safety threshold. To this end, the range of forces was limited to
[−100N, 100N ]. Specifically, if the forces were out of the range, the forces were set to
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Fig. 2.9 A photograph of the cable-based rehabilitation robot.

−30N (if less than −100N) or 30N (if more than 100N). Second, the robot has an
external safety switch and pressing the button can terminate motors instantly. When
a user is using the robot, the safety switch is held by the unused hand. When the user
notices any potential risks, he/she can protect himself/herself immediately.

2.4.1.1 Kinematics Signal Acquisition System

The robot uses the OptiTrack motion capture system with four cameras (OptiTrack,
NaturalPoint, USA) to capture joints’ position changes during arm motion. The
cameras (shown in Fig.2.11 (a)) emit infrared light and collect the reflected light
from markers covered by reflective material. By integrating the data from more than
three cameras, the markers’ location in the 3D space can be obtained accurately. The
precision of this system is 0.1 to 1mm. In the cable-based robot, the four cameras and
related components of the kinematics signal acquisition system are installed vertically
on the cubic frame, as shown in Fig.2.11 (b). The acquisition range covers the workspace
of the robot. Since this dissertation aims to investigate robot-assisted rehabilitation
for the whole upper limb, the kinematics of three joints of the arm, i.e., the should, the
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Fig. 2.10 Architecture of the cable-based rehabilitation robot.

elbow, and the wrist are all needed to be analysed. Three markers are placed on the
outer side skin surface of the three joints centre for collecting these joints’ kinematics
signals. The sampling rate is set to 100 Hz, and the original data is filtered using a
second-order Butterworth filter with a cutoff frequency of 6 Hz.

(a) (b)

Fig. 2.11 The Optitrack motion capture system. (a) Cameras. (b) Installation location
on the frame.
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2.4.1.2 Surface EMG Signal Acquisition System

The surface EMG signal refers to the weak physiological electrical signal generated by
muscle fibres when a muscle contract. It can be collected non-invasively by pasting
paired-electrodes on the surface of the skin. The EMG signal is a physiological signal
that can reflect the physical condition of the limbs and the intention of motion changes,
and it is closely related to the characteristics of muscle and joint movement. It is widely
used in many research fields, especially in the field of rehabilitation [95]. By analysing
the EMG signal, the intactness of the muscle can be investigated [96], and the change of
joint position can be inferred to predict movement intention. The robot uses a self-made
multi-channel surface EMG signal acquisition system, as shown in Fig.2.12, to realise
the acquisition, amplification, and filtering of EMG signals. The surface EMG signal
acquisition system involves six pairs of electrodes, six single-channel EMG acquisition
circuit boards with the amplifier (gain of 5000) and the physical low-pass filter, and
one 16-bit analog-to-digital data acquisition card (PXI-6229, National Instruments,
USA). The acquisition system records the EMG signals of six superficial muscles for
upper limb movements. The six muscles are BIC, TRI, DA, DM, DP and BR. The
EMG signals are all recorded at a frequency of 1000 Hz. Then they are band-filtered
by a 4th-order Butterworth filter with a frequency band of 10 − 400 Hz.

Fig. 2.12 Surface EMG signal acquisition card.

For synchronisation between the muscle activations and the motion required forces
in some chapters, the muscle activations were decimated into a new serial with the
frequency of 100 Hz.
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2.4.2 Robotic Dynamic Analysis

The dynamic model of a robot is the relationship model between the kinematics
characters and the dynamic characters. It is also an essential part of the research
on robot control. The precision of the dynamic model will directly affect the control
accuracy of the robot. In this parallel cable-driven rehabilitation robot, the cable
stiffness is not taken into consideration and is assumed to be infinite. During the
end-effector’s movement, it is assumed that the end-effector always moves within the
workspace in a fully constrained state, and all cables connected to the end-effector are
tight. Under these mentioned conditions, the dynamic model can be analysed similarly
to a traditional parallel structured robot. The analysis is thoroughly investigated by
Yang et al. [94] when applying the robot in a passive rehabilitation mode. In this part,
only significant characteristics of the robot dynamic model are introduced. First, the
static model of the end effector is introduced. Then the dynamic model considering
the system speed and acceleration is introduced. The dynamic model includes the
dynamic model of the end-effector’s, the winding rod’s (the motor-cable connection)
and the entire robot system’s dynamic model.

2.4.2.1 Robot Statics Model

The statics model of the robot refers to the assumption that the end-effector is in a
static state and, the end-effector is subjected to other external forces besides the cable
tension. The model can be used to calculate the length and change of the three cables
based on the spatial positions of the end-effector and those connectors on the frame.
It can always solve the cable tension matrix when knowing the external force matrix
and position matrix received by the end-effector. According to the principle of static
balance, the vector sum of the end-effector’s external moments is equal to the vector
sum of the tension of the three cables. The formula is as follows:

Xdi =
√

(pix − xi)2 + piy − yi)2 + piz − zi)2 (2.1)

where pix, piy, and piz represent the 3D coordinates of the i-th connector. xi, yi, and
zi represent the 3D coordinates of the end-effector.
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When the robot is applied to robot-assisted rehabilitation, the moving speed of
the end-effector together with the user’s arm, is always low. Therefore, the static
force model is capable of investigating the robot’s dynamic characteristics, as shown in
Fig.2.13. The cable tension can be modelled and calculated based on the static model
with the assumption that all cables maintain tension. The equation of the static model
is expressed as follows:

T = J−1F (2.2)

where T = [t1, t2, t3]T is the cable tension matrix, and J = [u1, u2, u3] is the unit
vector matrix of the mechanism and F = [fx; fy; fz]T is the forces matrix along three
dimensions.

Fig. 2.13 The static force model of the cable-based robot. Points B1−3 are the positions
of the connectors. Point P is the connection points between cables and the end-effector.

According to the cable tensions and the total mass of the end-effector and the arm,
the needed acceleration of the three cables for changing the position of the end-effector
can be calculated as follows:

∆X ′′ = (Ta − T )/m (2.3)
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where Ta = [ta1; ta2; ta3] is the actual tension matrix that measured by the force
sensors, and m is the total mass of the end-effector and the user’s arm, and ∆X ′′ =
[∆x′′

1; ∆x′′
2; ∆x′′

3] denotes the cables’ accelerations matrix.

2.4.2.2 Robot Dynamic Model

When the end effector assists the subject in completing arm movements, the end effector
and the subject’s upper limb can be approximately equivalent to the whole. It is not
necessary to consider the rotation and interaction between the two. At this time, the
end effector is under the control of motors, and its kinematics needs to be considered.
During the movement, the force analysis of the end-effector can be regarded as a mass
point. The force balance equation of the end-effector is as follows:

3∑
i=1

ti + fq + mG − mv̇ = 0 (2.4)

where fq is the external force (without gravity) applied on the end-effector, and m is the
total mass of the end-effector and the user’s arm, and G = [0, g, 0]T is the acceleration
vector of gravity, and v is the velocity of the end-effector.

The winding rod is a component that connects and fixes a motor and a cable. Each
cable is tightly wound on the winding rod and kept tangent to the rod. The dynamic
equation of the winding rod is:

Jrβ̈ + Cβ̇ + rT = τ (2.5)

where Jr is the moment of inertia of the rod, and β is the rotation angle of the rod,
and C is the damping coefficient of the rod, and r is the radius of the rod, and T is
the cable tension, and τ is the torque produced by the motor. The winding scheme of
the three cables is the same, and three motors of the same type are connected, and the
moment of inertia and damping coefficient of each rope winding rod is the same.

Combining Eq.2.1, Eq.2.4 and Eq.2.5, the dynamic model of the robotic system is:

J
Jr

r
τ − JJrβ̈ − JJrCβ̇ = fq + mG − mv̇ (2.6)





Chapter 3

Continuous Description of Human
Motion Intent through a Switching
Mechanism

3.1 Introduction

To regain lost motor functions, rehabilitation training with sufficient intensity and
voluntary participation of post-stroke patients is essential for brain reorganisation
[97]. Due to the superiority of robotic system in terms of efficiency, precision, and
controllability, a range of robots have been developed for post-stroke rehabilitation on
the recovery of motor capacity [98, 12]. As a kind of parallel robot, cable-based robots
show great advantages with respect to high accuracy and low inertia during continuous
rehabilitation training and can provide proper assistance for upper limb rehabilitation
and daily activity training while guaranteeing the safety of patients[99, 100].

The key characteristic of the robots used in different modes and phases of rehabili-
tation in neuro-rehabilitation is whether the robot with control strategies can provide
appropriate assistance and reliable assessments for participants. The assistive mode as
the most developed control algorithms is to help participants move the affected limbs
in the desired therapy patterns[101]. Participants’ voluntary involvement is proved to
be essential for provoking the motor plasticity [97] and inducing the brain plasticity
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[102]. For patients in the early stages of poststroke rehabilitation, the control strategies
for providing passive assistance are applied. For example, an advanced proportional
and differential controller [61] and a sliding mode controller [103] have been used to
accurately control a rehabilitation robot to passively assist the patient to move to the
desired end position. To increase and maintain the participants’ efforts, by increasing
the compliance of passive controllers, the rehabilitation robot is expected to provide
only partial assistance. To this end, the control techniques such as the impedance
control and admittance control that can implement a law for compromising between
training quality and robotic compliance are developed [104].

With the high requirements of the participants’ voluntary involvement during
rehabilitation, the EMG signals which are highly related to the muscular forces and
joint torque are valued [105, 106]. Furthermore, another reason for the popularity of
EMG based control strategy is that the traditional electromechanical force/torque based
control often involves electromechanical delay. For EMG based control, a nonlinear
hill-based muscle model is derived for continuously predicting the limb moment from
the muscle activities and joint kinematics [85]. However, due to the vast parameters
needed for each muscle and nonlinearity of the model equations, the hill-based model is
rarely applied in control involving multiple joints and muscles. An alternative approach
is to train a decoder between the EMG signals and motor control variables by simply
considering the relationship between them as a black box.

By applying binary or multiclass classification algorithms, the robot can be con-
trolled in discrete mode. Dipietro et al. map the EMG signals into the binary output
for determining the onset and end of the movement [44]. Ding et al. represent the
relationship between the EMG patterns and predefined static postures or movements
by the Artificial Neural Network algorithm [86]. For continuously controlling a single
joint robot to assist participants, apart from the Hill model based approach [85], a
linearly proportional EMG control strategy is proposed [60]. Based on the theory of
muscle synergy [47] and movement primitives [87], Artemiadis et al. [50] proposed a
state-space model with reduced dimensionality for continuously mapping the EMG
signals to multi-joint movements. However, the performance of these models is mostly
task-dependent and participant-dependent, which settles a big challenge in modelling
accuracy with reduced model dimensionality.
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Several research groups have developed switch schemes for decoding EMG signals to
accomplish different tasks. Nizamis et al. [107] have developed an EMG-based control
interface to detect the participant movement intention with an interface switching
between two horizontal and one vertical tracing tasks. This switch regime for these
tasks is based on the simple EMG-based proportional (direct) control and the counts
of the wrist extensor contraction. Artemiadis et al. [108] have a switching decoding
scheme where the switching variable was described by the participant to perform force
tasks in ten different points in the 3D arm workspace. This switch regime can assist
a participant to finish different reaching movement, but these movements are not
continuously executed between every two movements. Artemiadis et al. [109] also
put up a switching regime decoding model between multi-channel EMG signals and
joint angles of arm movements in 3D space. They set up a discrete switching variable
which controlled through a Bayesian classifier for choosing different decoding models
for different movements.

Motivated by the switch model based approaches [109, 108, 107], in this chapter,
an EMG decoder is developed using switched linear system models to continuously
estimate participants’ voluntary motion during multi-joint arm movements. Different
from switching control based approach [107], the developed EMG decoder served as
a human-robot interface rather than a controller. Although the functionality of the
developed EMG decoder is similar to the one developed by Artemiadis et al. [109],
the modelling strategy adopted in this chapter is quite different. In [109], the model
dimensionality reduction is applied for models of every task and the dimensions of
all these models are reduced into two for both inputs and outputs. As discussed
earlier, since the dimensionality-reduction might cause the loss of limb dynamics and
detailed information included in the EMG signals, its applicability to the problem of
cable rehabilitation robot used for multi-joint motion in 3D space needs to be further
investigated. Moreover, these models are mostly task-dependent and participant-
dependent approaches, limiting their application.

In this chapter, a switched system model is established to continuously decode EMG
signals during a multi-directional arm tracking task for the application of controlling
a cable-based rehabilitation robot in active assistive mode. The EMG signals of six
muscles are processed into muscle activations as the model input, while the voluntary
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forces of participants are processed as the model output. By dividing the complex
task into several simple subtasks, we individually identify a model for each subtask
with appropriate dimensionality. Three single-models with different orders for the
whole complex task are also trained for comparison purposes. The efficiency and the
feasibility of the switching mechanism have been demonstrated in both numerical
analysis and experimental verification in terms of model fitness, tracking accuracy and
muscle activations for human-robot cooperative manipulation.

It is well known that the human brain is a complex nonlinear time-varying system.
Description of the motor intent, under a very specific condition, is feasible but very
difficult. The research work in this chapter demonstrates the effectiveness of using a
switching mechanism to describe brain motion intent; just as the spline interpolation
can be applied to approximate the static nonlinear functions, the dynamic switched
system model can effectively approximate the time-variant nonlinear dynamical system.

The rest of this chapter is organised as follows. The proposed system architecture
and experiments are analysed and reported in Section 3.2, while Section 3.3 gives the
results and Section 3.4 discusses and concludes this chapter.

3.2 Method

The cable-based upper limb rehabilitation robotic system as shown in Fig.3.1(a) is
used to provide assistance to participants. The details of the robot are described in
Section.2.4.

3.2.1 EMG-based Human-robot Cooperation Controller

The human-robot cooperation controller based on an EMG decoder (Fig.3.2 (a)) is used
for controlling the robot. The EMG decoder (Fig.3.2 (b)) is trained to estimate the
EMG-driven forces along the cables from muscle activations. The muscle activations
are obtained by basic EMG processing and EMG-activation model based on a previous
research [60]. The arm and robot dynamic models are built for reckoning the voluntary
forces driven by muscle’s EMG from the kinetics of arm together with the splint on the
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Fig. 3.1 A cable-based upper limb rehabilitation robotic system and a multi-directional
arm tracking task including four rectilinear movements: (a) The platform. (b) Task
trajectory and direction.

basis of arm and robot structure. The EMG-driven forces can be further transferred
into a motor torque for driving the motor group.

3.2.1.1 EMG-activation Model

The EMG to muscle activation model is built for calculating the muscle activated
levels from the amplified EMG signals measured by the EMG acquisition system.
First, the amplified EMG signals are full-wave rectified by a 4-th order Butterworth
low-pass filter to obtain the envelope of amplified EMG signals [50]. Then, the envelop
magnitude of each muscle is normalised to the values of its Maximum Voluntary
Isometric Contraction (MVC) [110].

The neural activations n(t) are then obtained from the normalised envelope e(t) of
EMG signals in real-time by a second-order discrete-time linear model [111]:

n(t) = αe(t − d) − β1n(t − 1) − β2n(t − 2), (3.1)
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Fig. 3.2 The detailed architecture of the proposed EMG-based human-robot cooperation
controller, the EMG decoder, and real-time decoding mechanism with the single-model
and the switched system model. (a) Interfaces with a trained EMG decoder. The
EMG-driven forces mapped from the EMG by the decoder is used as an interface to
assist participants together with their voluntary motion intention. (b) Training Decoder
Model. The decoder is trained to map the relationship between muscle activations
from EMG signals and voluntary forces driven by muscles from arm dynamics. After
being trained, the decoder is used to estimate the EMG-driven forces and are realised
by the robot in real-time. (c) Two trained decoding models in the real-time control
scheme: the switched system model and the single model.
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where α = 1+β1 +β2 is the gain coefficient, β1 = c1 +c2 and β2 = c1c2 are the recursive
coefficients, c1, c2 are adjustable parameters for each muscle based on previous studies
[111] and d is the electromechanical delay, which is set as 80 ms in this study.

The muscle activations are then obtained by the coupled relationship between it and
the neural activations. The relationship can be presented by first-order dynamics [112]
and by a non-linear function at low levels of force [113]. A one-parameter segmented
transformation model from the neural activation n(t) to the muscle activation u(t) is
proposed by Manal and Buchanan:

u(t) =


αma ln(βman(t) + 1), 0 ≤ n(t) < n0

mn(t) + c, n0 ≤ n(t) ≤ 1
(3.2)

where the values of n0, αma, βma, m and c depend only on the shape factor of each
muscle [113].

In order to match the frequency of muscle activations and the EMG-driven forces,
the muscle activations are further decimated into 100 Hz.

3.2.1.2 Arm and Robot Dynamics Analysis

The dynamic model is used to calculate the EMG-driven forces on the wrist during the
human-robot cooperation movements of the arm and splint. The wrist is the contact
point between the robot and arm. During the modelling phase, the assistance from
the robot is unavailable. Therefore, the forces driven by EMG on the wrist consist
of the motion-driven forces and the forces for resisting the effects of arm and splint
gravities. During the verifying phase, the cables will drive the arm and the splint
moving together for executing the task. The forces provided by the motor along the
cables are estimated from the EMG decoder model based on the real-time EMG. The
kinetics of the robot is applied for calculating the forces along the cables and further
the driven torques of the motor group as described in [94].
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3.2.1.3 EMG Decoder

A number of algorithms have previously been applied to decode human motion from
EMG [114]. However, in most of these works, decoding is resolved using classification
techniques, rather than a continuous description of the kinematics. As discussed in the
introduction section, in our case, the goal is to develop an EMG decoder to continuously
represent the voluntary motion forces using the measured muscle activation in real
time.

The EMG decoder developed here is based on the identification of state-space
model. There needs a process of model training phase to identify the parameters of the
state-space model. Comparing with the approaches using the discrete-time model [114],
the linear six-input three-output continuous time-invariant model Eq.3.3 is applied to
map the relationship between the muscle activations and the voluntary motion forces.
Although the data collection is discrete, here we use a continuous model, which might
capture the key characteristics as the actual system is continuous:

Ti :


ẋi = Aixi + Biu(t)

y(t) = Cixi + Diu(t)
(3.3)

where i ∈ {1, 2, 3, 4}, xi ∈ Rk is the state vector and k is the order of the i-th model,
which can be pre-determined. In this study, k is selected between 3 and 10 depending
on different scenarios. u(t) ∈ R6 is the input vector of six muscle activations, y(t) ∈ R3

is the force vector representing the model output. The matrices Ai ∈ Rk×k, Bi ∈ Rk×6,
and Ci ∈ R3×k are the systematic matrix, input/control matrix, and output matrix,
respectively. The matrix Di ∈ R3×6 is the direct transfer matrix from the input u(t) to
output y(t) and is set as a zero matrix in this dissertation.

The state space model for a given task Ti can be established by identifying the
matrices {Ai, Bi, Ci} and the initial state x0i

using a model training dataset. These
parameters are identified in the continuous time domain using one of the subspace
model identification methods, the canonical variate analysis [115]. As the underlying
system is stable, the stability of the model is added as a compulsory condition during
model identification. In this chapter, in order to reduce transient behaviour due to
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switching, the initial value x0i
for each subsystem Ti is adjusted within the range

identified in the training phase. This adjustment can reduce the discontinuity of the
output during switching so as to improve the transient switching dynamics.

3.2.1.4 A Switching Mechanism for Complex Tasks

To explore the best EMG decoder model during complex tasks, a switching mechanism
for carving up the task into several simple subtasks and individually identifying a
subsystem model for each subtask is set up as shown in Fig.3.2 (c). The principle
of the switching mechanism is to establish subsystem models for every subtask with
appropriate dimensionality and construct a switched linear system model for the whole
complex task to achieve high accuracy by switching among the subsystem models.

In this study, the complex task is the tracking of a square shape preset trajectory
in a horizontal plane (Fig.3.1(b)). This task contains four rectilinear movements (i.e.
the four subtasks) with different directions in 3D space. The length of each rectilinear
movement is

√
0.02m. Each rectilinear movement can be easily realised by setting the

changes of X and Y axes both as 0.1m in the developed trajectory setting module.
Based on this task, the realisation of the switching mechanism can be described as
follows: 1) Divide the whole task into four subtasks; 2) Train a decoder model for each
subtask, and achieve four LTI multivariable models {Ai, Bi, Ci} with x0i

(i ∈ 1, 2, 3, 4);
3) Switch the model according to the predefined subtasks.

To simplify the notations, in the following discussions, we use the prefix ‘S’ to
represent the case of a single model and ‘MM’ to the case the system switching among
Multiple Models for a complex task. Based on the switching mechanism, a switched
linear system model is trained. In this study, the MM is the integration of four best
subsystem models for the four subtasks. For the subtasks, all subsystem models, whose
orders could be between three to six (total four different options), are trained. The
best subsystem model of each subtask is defined as the model whose average fitting
errors of the three model outputs are the smallest among all four models with different
orders. The order of each best subsystem model for each participant could be different.
After selecting the best model for every subtask, the MM can be grouped and realised.
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For comparisons, three single-models with different orders are also trained for the
whole square shape task without considering the complexity of the task. For these
single-models, their orders are chosen as three (S3), six (S6) and ten (S10) (please see
Appendix A for details).

3.2.2 Participants and Experimental Protocol

Seven healthy participants (aged 25.3 ± 0.7 yrs) were recruited. All participants signed
the written informed consent forms. This study was approved by the Human Ethics
Committee of the first affiliated Hospital of Sun Yat-Sen University ([2013]C-096).

Based on biomechanics literature [116], the surface EMG signals of six muscles
(BIC, TRI, DA, DM, DP, and BR), which are mainly responsible for analysing the
upper limb motions, were recorded by the EMG acquisition system. Two paired surface
EMG electrodes were placed on the specified surface skin of participants. The reference
electrodes were placed on the skin of the elbow or wrist bones area. To capture the
kinematics characteristics of upper limb, three infrared-reflection markers were attached
to the skin surface of the centre of shoulder, elbow, and wrist. The EMG signals and
joint position signals were recorded simultaneously.

The efficiency of the proposed switching scheme was verified using both numerical
analysis and real-time experiments with seven participants. Numerical analysis (mainly
modelling) consists of the EMG decoder model training phase and model testing

phase.

The datasets for the training phase and the testing phase were collected based on a
procedure described as follows. Each participant was asked to track a moving cursor
shown on the screen using his/her arm for 20 seconds in total without robot’s assistance.
The robot provided zero assistance to the subjects, as the force feedback loop was
open. The trajectory of the moving cursor is the preset square shape trajectory in the
horizontal plane. The cursor moved for 5 seconds during each rectilinear movement.
Each participant was asked to track the cursor which repeatedly moved along the
square shape trajectory three times as 3 trials in one record. All participants were
required to finish three records, resulting in a total of 9 trials whose data were collected
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for training and testing phases. Two records (i.e. 6 trials) were randomly selected for
the training phase and one record (i.e. 3 trials) was for the testing phase. The data for
model training was processed to train both the multi-model and three single-models.

In the testing phase, the EMG signals were also processed as the input, and
the trained models were used to estimate the outputs. The estimated outputs were
compared to the targeted output to assess the accuracy of the models. As noted
earlier, during testing stage, the muscle activities did not response to the tracking error
through human visual feedback.

In the experimental verification stage, the participants were instructed to place
their forearms in the splint. All four models were applied in the EMG-based controller
to realise the human-robot cooperation movements. Therefore, the robot provided
assistance based on EMG signals as the force feedback loop was closed. During this
phase, each participant was asked to track the cursor once in one record, indicating one
trial in a record. All participants were required to finish three records (i.e. 3 trials) with
robot assistance estimated by every model together with their muscle contributions.
The performance of different models can be assessed in a real-time feedback loop. In
this loop, the human 3D motion intent, estimated using the identified models, was
reflected in the human visual feedback in real time to reduce the tracking error as
indicated on the computer screen.

3.2.3 Evaluation Parameters and Statistical Analysis

To evaluate the performance of different models, the model fitness, the trajectory
tracking error, and the muscle activations were calculated, analysed and compared.

3.2.3.1 Model Fitness

Based on the EMG decoder models, the target outputs from the joint positions and
estimated outputs from the models with the same inputs can be calculated.

The Model Fitting Error (MFE) was defined as the gap between the target outputs
and estimated outputs. To evaluate the model accuracy, the Root Mean Square (RMS)
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value of MFE was calculated as follows:

MFERMS =

√√√√ 1
N

N∑
i=1

(∆F (i))2 (3.4)

where ∆F (i) is the absolute value of MFE in each output at i-th sampling instant and
N is the number of samples.

Furthermore, the Pearson Correlation Coefficient (PCC) between the targeted and
estimated outputs was also calculated according to [117].

3.2.3.2 Trajectory Tracking Accuracy

The gap between the desired preset trajectory of the task and the actual trajectories
completed by participants was defined as the tracking error (TE). The RMS values of
TE were calculated to evaluate the trajectory tracking accuracy in X axis as follows:

TERMS =

√√√√ 1
N

N∑
i=1

(∆x(i))2 (3.5)

where ∆x(i) is the trajectory tracking error in X axis at the i-th sample. The TERMS

of the other axes was calculated similarly. To further explore the effectiveness of the
switching mechanism, when the human-robot assistance was available, the TERMSs in
X and Y axes were calculated and compared separately.

3.2.3.3 Muscle Activation

The Mean value of Muscle Activations (MMA) of the six selected muscles during every
task execution was used to evaluate the effects on muscular effort by the EMG decoder
models.

3.2.3.4 Statistical Analysis

To analyse the influence of model order in model fitting accuracy, the difference of the
MFE and PCC was evaluated using Kruskal-Wallis nonparametric test with pairwise
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multiple comparisons. To visually show the performance differences among different
models in three phases, the mean and standard deviation (SD) values of these evaluation
parameters were calculated for all seven subjects.

To analyse whether the robot’s participation affects the human motion intention,
the difference of TE between the training and verifying phases was evaluated by one-way
analysis of variance statistical method and the MME was evaluated by Kruskal-Wallis
nonparametric test. The significance level of all statistical tests was 0.05. In the
verifying phase, only the model that can support all participants to complete the task
was compared. Statistical work was performed using SPSS 19.0 (SPSS Inc., USA).

It should be pointed that some of the participants could not complete the whole
task when the single models S6 and S10 were used. Therefore, to analyse the effects of
the switching mechanism during experimental verification, only the single model S3
and switched model MM were evaluated by the paired test in terms of the tracking
error and muscle activations.

3.3 Result

3.3.1 Model Fitness

First, the estimation of the EMG-driven forces by using various EMG decoder models
were presented in Fig.3.3. The data shown in this figure was captured and estimated
from one subject as a sample.

The bold solid back lines and the thick grey lines illustrate the target outputs
calculated by the dynamic model, while the green thin lines (single-models: S3, S6
and S10) and light orange solid line (switched model: MM) show the the EMG-driven
forces estimated by the four different EMG decoder models. In the training and testing
phases, all estimated outputs had similar trends with the target outputs during a
20-second trial, and the values were close. During the verifying phase of this sample,
the outputs estimated by S6 and S10 went far away from the target, therefore these
outputs are not included in this figure. Among all seven participants, the S6 of four
participants and the S10 of six participants out of seven participants were not able to
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Fig. 3.3 The three outputs of the multi-model (MM) and three single-models (S3,
S6, S10) during the training ((1)-(3)), testing ((4)-(6)) and verifying phases ((7)-(9)).
The thick black lines in ((1)-(6)) indicate the target outputs from the dynamic model
during the training and testing phases. The thick black lines and the thick grey lines in
((7)-(9)) indicate the two target outputs of two experiments during the verifying phase.
The light orange solid lines in ((1)-(9)) denote the outputs of MM. The dark green
dotted lines in ((1)-(9)) denote the outputs of S3. The medium green dash-dotted lines
in ((1)-(6)) denote the outputs of S6. The light green dashed lines denote in ((1)-(6))
the outputs of S10.
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help the participants complete the verifying experiments with those outputs out of the
range of motor limits. Therefore, there were three subjects who could complete the
task with S6 and only one subject who could finish the task with S10.

The RMS values of MFE and the mean values of PCC were compared for each
output among different models as shown in Fig.3.4 and Table.3.1. In the training phase,
the MFE and PCC of all three single-models, were significantly worse than those of the
switched model except one output of S6. Moreover, the MFE and PCC of S6 in two
outputs were significantly better than those of S10. In the testing phase, the MFE and
PCC of all three single-models were found significantly worse than the switched model
while no significant difference was found among single-models. In the verifying phase,
the MFE values significantly increased with the increment the order of single-models.
Based on the significance test, the performance of MM was significantly better than
the S3 except for one output. Also, it is quite clear that the performance of S6/S10 is
not as good as the switched model. It should be noted not all the subjects could finish
the task with the two single models S6 and S10, as reported in Table.3.1.

3.3.2 Tracking Accuracy

The preset trajectory of the task and actual trajectories by a participant conducting
the task in training and verifying phases with different models are shown in Fig.3.5.
Notice that, as shown in these trajectories, this participant could not finish the task
with the S6 model and S10 model (their trajectories stop at the red circle points in
Fig.3.5).

Fig.3.6 presents the mean RMS values of the TEs in X and Y axes during participants
tracking the whole task. The values of S6 and S10 (in dashed edges) show great SD
because some participants could not finish the tasks. The TE values in X-axis of MM
is significantly lower than the values of S3 (p < 0.05).

3.3.3 Muscle Activation

The MMAs of the six muscles are displayed in Fig.3.7. All muscle activations decreased
when participants tracked the task with assistance from the robot. The activation of
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Table 3.1 The comparison between the RMS MFE and PCC values of three single-
models and the switched system model during training, testing and verifying phases.

Phase Output MFE (Mean±SD) (N) SignificanceS3 S6 S10 MM

Training
O1 1.01±0.72 0.74±0.32 1.11±0.53 0.41±0.30 a,b,c
O2 1.19±0.85 0.70±0.41 1.30±0.60 0.43±0.28 a,c,d
O3 0.85±0.65 0.62±0.14 1.02±0.50 0.33±0.17 a,b,c,d

Testing
O1 1.71±0.97 2.28±0.89 2.40±0.64 0.83±0.26 a,b,c
O2 1.91±1.26 2.52±1.23 2.46±1.05 0.96±0.45 a,b,c
O3 1.65±0.96 2.00±0.67 2.10±0.69 0.69±0.20 a,b,c

Verifying
O1 4.02±2.74 (NF) 4.88±3.26 (NF) 8.80±0.36 3.59±1.72
O2 4.71±2.25 (NF) 3.77±1.65 (NF) 4.43±0.28 3.23±1.90 a
O3 4.93±3.61 (NF) 3.94±1.60 (NF) 9.01±0.13 2.71±1.32 a

Phase Output PCC (Mean±SD) SignificanceS3 S6 S10 MM

Training
O1 0.81±0.33 0.95±0.06 0.86±0.12 0.98±0.02 a,b,c
O2 0.80±0.32 0.94±0.09 0.83±0.16 0.98±0.02 a,c,d
O3 0.82±0.27 0.96±0.02 0.79±0.21 0.98±0.02 a,b,c,d

Testing
O1 0.76±0.26 0.78±0.28 0.56±0.41 0.96±0.02 a,b,c
O2 0.68±0.48 0.75±0.18 0.56±0.43 0.93±0.08 a,b,c
O3 0.76±0.27 0.77±0.21 0.73±0.15 0.96±0.03 a,b,c

Verifying
O1 0.17±0.59 (NF) 0.03±0.62 (NF) 0.01±0.02 0.49±0.51 a
O2 0.23±0.48 (NF) 0.19±0.46 (NF) -0.17±0.05 0.62±0.20 a
O3 0.17±0.43 (NF) 0.02±0.65 (NF) 0.13±0.04 0.70±0.12 a

Note: Significant differences between these models are represented by the following alphabets.
a: ‘S3-MM’, b: ‘S6-MM’, c: ‘S10-MM’, d: ‘S6-S10’. NF: Not all participants have completed
the tasks. For those models which cannot support all subjects to complete the task, the mean
and SD values of MFE and PCC are only calculated from those subjects who successfully
completed the task.
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Fig. 3.4 The mean RMS model fitting error values among all participants in training,
testing and verifying phases.



58 Continuous Description of Human Motion Intent through a Switching Mechanism

0.6

0.65

0.7

Y(m)

Z(
m

)

0.55

0.8

*

*

0.9

X(m)

0.050.45

*

-0.05

*

-0.15

*

*

+
+

+o+
+

o+

Preset Trajectory
Training
S3
S6
S10
MM

Fig. 3.5 The trajectories of the training and verifying phases. The two red circles ‘O’
show the end position of the unfinished trajectories. The plus markers ‘+’ show the
end position of the finished trajectories. The star markers ‘∗’ show the half position of
the trajectories.

Training S3 S6 S10 MM
                     Verifying Models

0

0.02

0.08

Av
er

ag
e 

Tr
ac

ki
ng

 E
rro

r (
m

)

X
Y

Fig. 3.6 The mean RMS tracking error values in X and Y axes during the training
and verifying phases with different models. The dashed edge indicated tasks were not
totally finished by all participants.



3.4 Discussion 59

BIC TRI DA DM DP BR
Muscles

0

0.3
M

ea
n 

m
us

cl
e 

ac
tiv

at
io

ns

Training
S3
S6
S10
MM

Fig. 3.7 The mean muscle activations of six muscles during the training and verifying
phases with different models. The dashed edge indicated tasks were not totally finished
by all participants.

TRI and DA during the verifying phase significantly decreased in comparison with the
training phase. No significant difference was found between S3 and MM during the
real-time verifying phase.

3.4 Discussion

In this chapter, an EMG decoder has been constructed using the state space model
without dimensionality-reduction [50] to estimate the forces using the EMG signals of
the six arm muscles that contribute primarily and can reveal voluntary intention.

Furthermore, a switching mechanism has been applied for complex motion tracking
by integrating simple motion models. The results indicated that the proposed switching
mechanism can well estimate the forces when performing complex tasks. It is demon-
strated that the proposed approach can be applied in a cable-based rehabilitation
robot.
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3.4.1 The Novelty of the EMG Decoder without Dimension-
ality Reduction in Myoelectrical Control

Most EMG decoders for myoelectrical control strategies during human-robot coop-
eration are either represented in a discrete mode or restricted in one-dimensional
space/single joint. Although the Hill-based model [110] is built and frequently used
for continuously decoding arm motion from EMG signals[45], the nonlinearity of the
decoder model and vast parameters of each muscle needed to be measured make the
analysis rather difficult for multiple muscles and joints cooperation movements. The
linear state-space model is reported to be able to continuously decode upper limb
motion from EMG signals for controlling an anthropomorphic robot in the 3D space
by Artemiadis et al. [50], while an extra dimensionality-reduction technique is needed
before modelling. The dimension of the inputs and outputs for their model are nine
and four before a dimensionality-reduction, respectively. After using PCA to reduce
the dimension of both inputs and outputs, the dimensions are reduced to two. The
dimensionality-reduction can reduce the difficulty of the modelling, but it might cause
the loss of limb dynamics and detailed information included in EMG signals. Moreover,
by tuning the parameters of the state-space model, the participant-specific relationship
between inputs and outputs can be clearly identified without dimensionality-reduction.
A vital part of the modelling scheme is the initial value of the state x, which highly
affects the accuracy of the model. However, neither the dimension nor the values of x

was fully considered in previous researches.

In this study, the linear state-space model without dimensionality reduction has
been developed for decoding EMG signals and further applied to control a cable-based
rehabilitation robot in real-time. By training multiple-input (six muscle activations)
and multiple-output (three forces) models without reductions, the EMG-driven forces
of the upper limb during rehabilitation tasks in 3D space can be estimated and applied
to assist the participants based on their voluntary efforts. The results of MFE and
PCC analysis in training phases showed that the tracking error of the single-model S6
is the smallest among the three single models. However, the results in testing phase
showed that the performance of the lowest order model S3 is the best among all three
single-models and is close to the training phase. It indicated that the model with lower
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order is more robust than the higher order models and it is in-line with the previous
research [50].

However, non single-models can maintain its performance in real-time verification.
The difference between the testing and verifying phases is whether the human visual
feedback system participates in the control loop of the human brain cooperative motion.
In other words, different with testing phase, the verifying phase is the assessment of
the model performance in the closed loop manner. Due to the robustness of the closed
loop control system, the stability can be maintained and the performance degradation
is acceptable when the modelling error is small (in the case of MM) or not big (in
the case of S3). However, if the modelling error is big, out of the tolerance of the
participants, then the closed loop will become unstable, which is the cases of S6 and
S10, i.e., for S6 and S10, some participants could not complete the whole tracking task.
This indicates the closed loop performance of different models is also related to the
motion adaptability of participants. As the motion adaptability of a stroke patient
is often much lower than healthy participants, the EMG decoding model needs to be
more accurate even for the testing phase. Therefore, the proposed switched model is
the most suitable candidature for the active rehabilitation of post-stroke patients.

3.4.2 Superiority of the Switching Mechanism for Modelling
the Human-related System

The proposed switching mechanism aims to address current issues of active rehabilita-
tion, and achieved good performance in terms of model accuracy, the required training
data size, and the individualisation of models.

By considering the initial state of each subsystem model, the best model is trained
for each subtask, and the switching system model exhibits excellent performance in
both the test and verifying phases. Therefore, the switching mechanism has high
robustness and can decode EMG signals to assist participants during human-robot
cooperation movements. This mechanism is able to improve model accuracy and
replace the extra dimensionality-reduction technique without losing information.
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The switching mechanism for carving up the complex task into simple subtasks
and then training for each subtask is similar to the brain’s muscle control strategy,
i.e., by incorporating different muscle synergies to complete a complex movement.
During the real-time robot-assisted control strategy based on physiology signals, due
to the involvement of human subjects, both the experimental time and its data size are
often limited. During the training phase of the single-models (i.e., without switching),
the complex task needs to be finished perfectly by the participants; otherwise the
stimulation would not be enough to identify the model parameters. These requirements
certainly increase the difficulty in completing the task and further reduce the universality
of the model.

On the other hand, to train the model, in each individual subtask, the best model
can be quickly trained with limited data. Even if the participant does not complete
the entire task but completes two or three subtasks, data can still be used to train
the models for these particular subtasks. Therefore, the switching mechanism is more
suitable for the modelling of human involved processes, in which, due to safety reasons,
the volume of the data is often limited.

During the experiments, when the high order single models were utilised, an unusual
situation was observed that those participants who easily feel tired (with the oral
report), can often only complete the first two or three subtasks. The reason is that
the high order single models (S6 and S10) have bigger modelling errors (see Table.3.1).
This requests the participant spending more energy to counteract the error; then in the
late stage, the participants often become tired and the muscle fatigue contaminates the
normal EMG signals [118]. It thus appears that the switching mechanism can improve
modelling accuracy and support the participants to complete complex tasks without
muscle fatigue.

3.4.3 Movement Performance of EMG-based Human-robot
Cooperation and its Clinical Significance

Overall, although both S3 and MM have training and testing errors, the healthy
participants could all complete the tasks with similar tracking accuracy during verifying
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phase, demonstrating the motion adaptability of healthy people. The improvement of
tracking accuracy with the switching mechanism especially the significance in X-axis
indicated the superiority of the switched model in motion control accuracy. It also
indicates that for experimental verification, the arm movement performance is less
affected when using appropriate EMG decoder models. However, since there exist
bump transfers between the switching of two subsystems, a further conjecture to be
verified is, the bump change can be decreased by tuning initial states of the models,
and the participants’ movement performance and control efficiency can be improved.

Under the organisation of motor control by the human brain, healthy participants
naturally have the ability to adaptively track an intuitional task without [119] or with
appropriate assistance. However, when considering the unfinished movements with the
two models: S6 and S10, the ‘assistance’ from the robot biassed the motion intention,
which prevents the human limb to complete complex tasks.

The decreased muscle activations of the six muscles match well with the previous
studies [27, 120, 121]. This can be explained as healthy participants can voluntarily
adjust their muscle activation and force when external assistance are provided [122].
Therefore, compared with the movement during the training phase, the physical effort
of the six muscles are reduced when the participants are performing the same movement
with the assistance from the cable-based robot.

The effectiveness of continuous assistance provided by myoelectrical controlled
rehabilitation robot is confirmed for the elbow and wrist joint rehabilitation of patients
after stroke [123, 60]. The newly proposed EMG decoder model with switching
mechanism can be generalised to other multi-joint rehabilitation robots for patients
who suffer from neurological diseases, such as stroke, cerebral palsy and so on. As
the next step, we aim to apply the proposed method to young patients (20-30 yrs)
who had a stroke in the previous year and perform high scores in basic motion ability
assessments after passive rehabilitation. In addition, these patients should be able to
sit on a chair for at least 30 minutes and hold their affected arms for at least 1 minute.
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3.4.4 Summary of Contribution

The major contribution of this study is the proposed new switching based approach for
continuously decoding motion intention from multiple EMG signals and further actively
supporting the subject’s movement by taking human participation into account. By
introducing the switching mechanism, an EMG decoder model has been built up with
multiple EMG signals and multiple robot control signals for a single but complicated
task.

The philosophy behind this is to separate the complex motion task into multiple
simple subtasks so that each subtask is simple enough to be modeled by a simple linear
state-space model. Then, through the help of the switching mechanism, the complex
rehabilitation movement can be implemented. Although we separated the complex
task into multiple simple subtasks, we still treated the overall task as a whole task
and tried to minimise the transient response during switching (i.e., minimised the jerk
during switching).

Theoretically, due to the involvement of human Central Nervous System (CNS),
decoding a complex task by using a single model is quite complex. Also, due to the
complexity of the multiple-input and multiple-output relationship recorded in our
study, the decoder model needs to be a high dimensional nonlinear dynamic model
and may be time-variant. An alternative solution is to separate the whole complex
tracking task into subtasks and build simple models for subtasks. This is similar to
spline interpolation, in which a complex input-output relationship is approximated by
a set of piecewise polynomial functions.

Furthermore, motivated by the continuity/smoothness requirement at the knots of
the spline interpolation, we considered the problem of reducing discontinuity during
switching. To the best of the authors’ knowledge, no report exists in the literature
which considers the continuity of output during switching for the decoding of human
motion intention.
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3.5 Conclusion

This study investigated the active robot rehabilitation by using multiple-channel EMG
signals. EMG decoders based on LTI state space models, without necessarily having
dimension-reduction, were proposed. By introducing a switching mechanism, this
approach carves up the complex tracking task into simple subtasks. Then, a switching
system model composed of four subsystems were trained. This chapter found that
the low-order simple models of the EMG decoder based on the switching mechanism
are able to cope with the variation of the underlying system while reducing the
complexity of the model, and improve the accuracy during model testing and real-time
experimental verification. Overall, the decoder with the switching mechanism can
predict the voluntary motion intention with high accuracy from multiple-channel EMG
signals and help the participants to finish the human-robot cooperation movement
with lower muscle efforts and higher task completion rate.





Chapter 4

Human Motion Intent Description
Based on Bumpless Switching
Mechanism for Rehabilitation
Robot

4.1 Introduction

In the advanced rehabilitation theory, it is generally accepted that users’ involvement
is essential in both the therapy procedures and the development of rehabilitation
technics [124], especially in rehabilitation robotics [125]. Compared with physical
sensor-based robot control strategies, strategies using bio-sensors, such as EEG, EMG
and Electroneurography, for rehabilitation, allow robotic movements to be triggered
more naturally and simultaneously based on human motion. Among different bio-
signals, the surface EMG signal has attracted much attention, because it is closely
related to patients’ muscle activities, and can be collected easily with noninvasive
sensors.

On the other hand, for rehabilitation, upper limb motor re-learning and recovery
levels are required to be improved with proper intensive physiotherapy. For patients
with partial motor capacity, it is essential to estimate patients’ motion intention for
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further assistance. Therefore, some studies have proposed methods to detect the motion
intention by estimating limb motion in both static [30] and dynamic manners [126].

Although a few studies were able to consecutively map the human’s intention from
EMG to limb motion in a natural neuromuscular control strategy, it is difficult to
identify a consistent pattern regarding motor control strategies for different subjects.
This is due to the susceptible nature of the EMG signal during dynamic motion. Zhang
et al. have proposed an adaptive estimation method to train a model for accurately
mapping two-paired muscle activations and elbow motion for covering subject-specific
problems [127]. However, the performance of this method is mostly limited to one or
two joints’ motion and thus modelling accuracy and keeping signal integrity remained
as big challenges.

A state-space model together with Principal Component Analysis (PCA) for reduc-
ing dimensionality, has been proposed by Panagiotis et al. for mapping the relationship
between EMG signals and multi-joint movements [50]. The method together with
a switching variable is further used as a switching regime to control a robot arm in
random patterns [109]. Both methods work well in a robot arm’s trajectory control.
However, the dimension reduction comes at the expense of discarding some useful
information included in EMG signals. Hence a thorough dynamics describing the
relationship between EMG signals and multi-joint movements may not be well captured
when applying these methods in human-robot cooperation movements [50].

To further develop a method for consecutively estimating multi-joint motion in-
tention for the control of cable rehabilitation robot, a modelling method without
dimension reduction has been proposed for mapping the relationship of six muscle
activities and whole arm motion [128]. The method showed good estimation accuracy
and was able to support subjects naturally and actively for simple linear tracking tasks.
To further improve the performance when applying the method in complex tasks, a
switching mechanism [129] has recently been proposed based on the method in [128].
This switching mechanism could improve accuracy, but a problem was identified when
it was applied in real-time experiments. That is, when switching between submodels
for subtasks, the estimated outputs abruptly change due to large variations in model
parameters. Although the overall estimation accuracy of the proposed switching mech-
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anism in [129] is high, and the output bumps only show a marginal influence over the
majority of healthy subjects’ experiments, the impact of the bump is non-negligible for
some healthy subjects and is unacceptable for dyskinesia patients.

More specifically, the bump in model outputs in real-time might cause unexpected
forces in the affected limb and might be a cause of injury for patients. Furthermore,
with an unexpected disturbance, the short term response of participants functionally
destabilises posture, and the further compensation of body displacement is generally
achieved as a long term response [130]. The affected stability after disturbance
cannot recover easily for dyskinesia patients. Although there are some studies about
switching methods for different tasks, most of them focus on judging the switching
logic for different tasks, [44, 86]. The continuity of estimated outputs when switching
between different tasks is rarely discussed. As it is essential to continuously estimate
multi-joint motion intention from EMG signals during task switching, we explore a
state-shared bumpless transfer for model switching to improve transient performance
during switching.

The devised state-shared bumpless transfer is motivated by Multiple Models Adap-
tive Control (MMAC) [131]. For the MMAC application, only one controller is applied
to generate a control signal at any time instant. The idea of this transfer method is
to implement a group of different controllers by a single controller with adjustable
parameters rather than implementing each controller as an individual system. With
the state of the single controller shared by a group of controllers, this implementation
is termed as a ‘state-shared’ multirealisation. This multirealisation technique is first
introduced by Morse [132], who employed an adaptive control algorithm that consists of
a group of linear Single-Input Single-Output (SISO) controller models and a high-level
switching logic for supervising.

For the multirealisation of a family of linear Multiple-Input Multiple-Output (MI-
MO) systems, the authors of [133, 134] developed a minimal order multirealisation
method. As the EMG decoder in this study is a MIMO (six-input three-output) system,
we follow the method introduced in [133, 134] to construct an EMG decoder with
multiple subsystems.
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4.2 Models for Construction of EMG Decoder

The goal of this chapter is to develop an EMG decoder, which uses muscle activations
to continuously represent the motion required forces in real-time while retaining all
muscle activity information.

In our previous work [129], a switching mechanism with a group of models for a
complex arm motion was developed and evaluated, as shown in Fig.4.1(b). A total of
four linear state-space models as subsystem models with six-input and three-output
were built up for a square shape tracking task. By directly switching among the four
subsystem models, the EMG decoder with the switching mechanism can accurately
estimate the motion required forces. When comparing to a single model decoder
(shown in Fig.4.1(a)), no matter how complex the single LTI model is, i.e. the order
of the model is high enough, the EMG decoder with the switching mechanism shows
better performance in both simulation and experiment phases [129]. However, a ‘bump’
behaviour of the outputs which might affect the consecutiveness of the outputs and
system state was observed.

As mentioned earlier, the ‘bump’ in output appears because the subsystem models
switch. An effective way for improving the transient response of SISO systems proposed
by Morse [132] comes from constructing a stably based state-shared multirealisation.
In this study, as the system is a multivariable system, motivated by the elimina-
tion of ‘bump’ outputs, we attempt to solve a general realisation (presented as the
‘multirealisation’ [133, 134]) for any MIMO subsystems (see Fig.4.1(c)).

Consider the state-space model for one subsystem (denoted as a submodel) as
shown in Eq.3.3. The state-space submodels for a given task are built up by identifying
the original realisation {Ai, Bi, Ci} and the initial values of state vector x0i

. Both
{Ai, Bi, Ci} and x0i

are identified by the canonical variate analysis in the continuous-
time domain [135]. As the whole underlying system should be stable, the stability of
each submodel is a necessary condition during the model identification.

For a multirealisation, in general, the order of submodel ki can be different based on
each model’s performance. However, in this chapter, we assume that all the submodels
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are of the third order, i.e. ki = 3 for all i = 1, ..., 4. The reason for this assumption is
as follows.

In our earlier study [129], the performance of a single third-order linear system
model is better than those of single high order models. As the switching mechanism with
multiple models is more complex and has more capacity to capture system dynamics
than a single model, to select each subsystem model order as third should be higher
enough to accommodate the complexity of this rehabilitation task.

4.3 Multirealisation

In this study, we establish four submodels to describe four simple linear tracking
subtasks, and each subtask model is trained using the input and output data from
each subject. The transfer function matrix Hi(s) of each subsystem can be calculated
by its realisation {Ai, Bi, Ci} as follows:

Hi(s) = Ci(sI − Ai)−1Bi. (4.1)

The transfer function matrix Hi(s) (i ∈ {1, 2, 3, 4}) can be expressed by Matrix Frac-
tion Description (MFD) [136]. The specific steps of using MFD to find a multirealisation
of the four submodels Hi(s) will be described later.

As explained earlier, for the multirealisation, instead of implementing the sub-
systems by the individual realisation {Ai, Bi, Ci}, we find a generic realisation form
{A0 + FiC0, Bi, C0}. As shown in Fig.4.1(c), by merely adjusting Fi and Bi, the
‘bumpless’ switching among subsystems can be realised. The serially switching between
these multiple controllers can keep both the outputs and states being continuous.
Furthermore, a stable LTI system is shared by the four subsystems.

In the following steps, we will show how to find the generic multirealisation form
{A0 + FiC0, Bi, C0} to implement the bumpless switching mechanism.
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4.3.1 Irreducible Right Matrix Fraction Description

In the first step for finding the multirealisation, we recall the properties of the Right
Matrix Fraction Description (RMFD). The multirealisation procedure listed in [133] did
not provide an algorithm to calculate RMFD numerically. In this study, we introduce
a practical algorithm step by step.

According to Kailath’s [136], the RMFD of transfer function which is not unique
can be written as

Hi(s) = Ni(s)D−1
i (s), (4.2)

and it is possible to construct a controllable state-space realisation for each subsystem
{Ai, Bi, Ci} whose dimension ki is the degree of RMFD (i.e., the order of the determinant
of Di(s)). To minimise the dimension of the controllable state-space realisation for
each system, it is essential to pursue the irreducible RMFD (i.e., the minimal RMFD,
minRMFD), for which Ni(s) and Di(s) are right coprime.

The minimum realisation of a single linear transfer function matrix Hi(s) based
on MFD description has been well investigated in [136] [137]. The key procedure is to
find the minRMFD for Hi(s).

A practical numerical method for finding the minRMFD is the Sylvester matrix
based approach as follows [138]:

1) Find a left MFD H(s)p×q = D−1
L (s)NL(s) for the given transfer function matrix,

where p and q are the numbers of input and output variables. It should be noted that
as we do not require DL(s) and NL(s) are left coprime, thus finding such a left MFD
is an easy task.

2) Find two polynomial coprime matrices D(s)q×q and N(s)p×q such that

[NL(s) − DL(s)]
 D(s)

N(s)

 = 0. (4.3)

An efficient solution for Step 2) is based on the Sylvester matrices approach [138]
for computing a minimal polynomial basis for the right null space of [NL(s) − DL(s)]
[139] as follows:
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(a) An appropriate Sylvester resultant matrix S is constructed by finding the
coefficient matrices of NL(s)D(s) and DL(s)N(s) of corresponding power;

(b) A search algorithm for exploring the properties of S is used for finding the first
q primary dependent columns of S (Sq);

(c) The linear combinations of the preceding linearly independent columns are
found with the Sq;

(d) The coefficients of linear dependence are used to form D(s) and N(s).

By using an orthogonalisation process on S [140] in (b), it is possible to determine
whether the innovation introduced by a particular column is zero. Hence, it can be
determined whether this particular column is linearly dependent on the preceding
columns.

During the orthogonalisation process, if S is a high dimension matrix with huge or
tiny elements that may happen in a real system, it is necessary to pre-adjust those
elements to a proper numerical level before the orthogonalisation process. Also, a robust
procedure is introduced in [138] based on the singular value decomposition. There
are also other methods for calculating the minRMFD. For the Sylvester matrix-based
approach, a Matlab code for low dimension systems has been provided by Ahmadreza
Saadatkhah [141].

4.3.2 Multirealisation of Linear Subsystems with the Same
Order

A polynomial matrix D(s) [136, 133, 134] can be written as D(s) = DhcS(s) + Dlc(s),
where S(s) , diag{sk1 , sk2 , ..., skm} is the highest (column) degree matrix with ki

being the highest degree of the i-th column of D(s), and Dhc is the highest degree-
coefficient matrix of D(s), which is constructed from the coefficients of the highest
degree polynomials in the columns of D(s), and Dlc(s) is the remaining part of the
D(s).

The operator (Dhc{· }) is defined as Dhc(D(s)) = DhcS(s).
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Assume the minRMFD of a transfer function Hi(s) = Ni(s)D−1
i (s) = N̄i(s)D̄−1

i (s)
can be found with D̄i(s) in column reduced form. To simplify the discussion, we can
assume that the matrix D̄i(s) is a Popov form matrix [136].

With the minRMFDs (D̄i(s) and N̄i(s)) of all subsystems found, a generic minimal
multirelisation of the set of subsystems Hi(s) can be achieved by the following procedure
[133].

4.3.2.1 Reform the minRMFD

To derive conditions for the multirealisation of multivariable systems, we first reform
the D̄i(s) into D̃i(s) with requirements that the elements of S(s) exist on the diagonal
in degree reducing, and the Dhc

i of the D̃i(s) are normalised to I, which can be
implemented by elementary transformation with consideration of every element of each
D̄i(s). The transfer function, therefore, is transformed into:

Hi(s) = N̄i(s)Xi[D̄i(s)Xi]−1 = Ñi(s)D̃−1
i (s) (4.4)

where Xi is a real matrix for i-th subsystem to reform the minRMFD.

4.3.2.2 Uniform the Common Highest-degree-coefficient Matrix

As described by the previous research [133], a stably based generic minimal multireali-
sation can be found with a generic minimal common denominator Dms(s), for which
Dhc{Dms(s)} = Dm(s) has the following form:

Dm(s) = [dpq(s)] (4.5)

and

dij(s) =
 0, if p ̸= q

skmaxp , if p = q
(4.6)

where kmaxp = max{k1
p, k2

p, k3
p, k4

p} is the highest degree of the p-th column among all
D̃i(s) (i ∈ {1, 2, 3, 4}).

In this step, we try to find out the common Dhc
m for four subsystems.
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4.3.2.3 Construct a Common RMFD

After finding the generic minimal common denominator Dhc{Dms(s)} = Dm(s), for
each submodel, it is always possible to transfer D̃i(s) by right multiply a matrix X̃i(s)
such that

Dhc{Dmi(s)} = Dhc{D̃i(s)X̃i(s)} = Dm(s).

Thus, the Dmi(s) and Nmi(s) of i-th system can be constructed by right multiplying
the matrix as follow:

Hi(s) = Ñi(s)X̃i(s)[D̃i(s)X̃i(s)]−1 = Nmi(s)Dm−1
i (s). (4.7)

After we constructed the new RMFDs for subsystems, it is ready to multi-realise
all the submodels.

4.3.2.4 Construct a Generic Multirealisation

Based on the previous research [133], to implement the multirealisation form as depicted
in Fig.4.1.(c), we need to construct Nmi(s) and Dmi(s) for the transpose form of
Hi(s), i.e.,

HT
i (s) = Nmi(s) · Dm−1

i (s).

Then, construct a stable polynomial matrix Dms(s) such that Dhc{Dms(s)} = Dm(s).
By using the method in [136] (pp. 403-407), a controller form realisation {Ac0, Bc0, Cci}
of Nmi(s)D−1

ms(s) can be found with the pair {Ac0, Bc0} controllable and Ac0 stable
and Cci = Nmilc. Let Ki = Dmlc − Dmilc. Then, a generic minimal multirealisation
for the set of subsystems HT

i (s) (i ∈ {1, 2, 3, 4}) is {Ac0 + BcoKi, Bco, Cci}.

Then, the multirealisation form depicted in Fig.4.1.(c) for the original submodels
Hi(s) = (HT

i (s))T can be obtained as {A0 +FiC0, Bi, C0} by letting A0 = AT
c0, Bi = CT

ci,
C0 = BT

c0, Fi = KT
i where only the Fi and Bi are needed to be adjusted during switching.

As A0 and C0 are constant during switching, the stable LTI system with the switching
mechanism can ensure bumpless outputs in real-time (i.e., the outputs keep continuous
under the switching of Fi and Bi).
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4.4 Experimental Design

The cable-based upper limb rehabilitation robotic system (described in Section.2.4)
was used to provide assistance to participants. A scenario of the experiment is shown
in Fig.4.2.

Fig. 4.2 An experimental scenario.

Specifically, the arm motion in 3D space and EMG signals of six arm muscles were
captured. The EMG signals were processed into six muscle activations as inputs of
the EMG decoder. The arm motion was analysed, and the required forces of arm
motion were used as the decoder outputs. The required forces of arm motion along the
cables were computed from the human-robot dynamics model [94] to reflect real-time
human motion intention. The required forces of arm motion were further processed to
calculate the driven torques of the three motors. The EMG envelopes were full-wave
rectified from EMG signals and normalised by the MVC values [110]. The muscle
activations were further calculated from the EMG envelopes [50] by a neural-muscle
activation model [111–113]. For synchronisation between the muscle activations and



78
Human Motion Intent Description Based on Bumpless Switching Mechanism for

Rehabilitation Robot

the motion required forces, the muscle activations were decimated into a new serial
with the frequency of 100 Hz.

4.4.1 EMG-based Human-robot Cooperation Controller

For the purpose of controlling the robotic system, a human-robot cooperation controller
based on the EMG decoder was applied. In this controller, the human brain first
reacted to the position gap between the human-robot executor and the target position
and stimulated the related muscles. By capturing the muscle EMG signals, the built-in
EMG decoder estimated the required forces of arm motion.

The forces were then processed according to the human-robot dynamics model and
the motor dynamics model of the robot system, and were transmitted along the cable.
The force applied along the cable was used to support the human-robot actuator to
aid cooperative human-robot movement.

To train the EMG decoder, the six muscle activations were selected as its inputs,
and the required forces of arm motion were selected as its outputs. For a complex
tracking task designed for robot-assisted rehabilitation, a switching mechanism for
carving up the task into a group of subtasks was proposed earlier[129]. A group of
submodels were trained for these subtasks. Each submodel was treated as an individual
subsystem. The switch mechanism was realised by the introduced multirealisation
technique (i.e., the bumpless switching mechanism). The identified submodels with
the bumpless switching mechanism could be applied to estimate the motion required
forces from muscle activations in both simulation and real-time.

4.4.2 Participants

This study included seven healthy women and men aged 25.3 ± 0.7 yrs who signed
informed consent forms. This study was approved by the Human Ethics Committee of
the first affiliated Hospital of Sun Yat-Sen University ([2013]C-096).

The muscle activities of the BIC, TRI, DA, DM, DP, and BR were recorded.
These muscles were mainly responsible for analysing the upper limb motion based
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on biomechanics [116]. Pairs of two surface EMG electrodes were placed at the skin
surface corresponding to the six muscles of each participant. The reference electrodes
were placed at the skin surface corresponding to the carpal, elbow and acromion bones.
Three infrared-reflection markers of the motion system were placed at the skin surface
corresponding to the centre of wrist, elbow and shoulder.

4.4.3 Experimental Protocol

The effectiveness of the EMG decoder with bumpless switching mechanism was verified
through the numerical analysis of the participants and the real-time experiments of
the participants and the robot system.

The numerical analysis included training and testing phases. The experiments as
the verifying phase were for validating the performance of the EMG-based controller
in real-time human-robot cooperation tasks.

During the tracking task of participants, the EMG signals and joints positions in
3D space were collected. The details of the tracking task for the model training and
the testing phases are as follows:
1) A target cursor moves on the screen according to a preset square shape trajectory
in the horizontal plane for 20 seconds once triggered;
2) A wrist cursor representing the actual position of the participant’s wrist locates on
the screen and is controlled by participants;
3) As one trial, participants control the wrist cursor to track the target cursor for 20s
until the target stops;
4) Each participant needs to finish nine trials where six of them are randomly chosen
for the training phase, and the other three are for the testing phase.
It should be noted that both the target cursor and the wrist cursor were shown on the
screen with three dimensions.

The data of model training phase was used to train a decoder by a single state-
space model with the order as three denoted previously as S3 (see Fig.4.1 (a)), four
submodels without the ‘bumpless’ switching mechanism (denoted as the nonbumpless
decoder, NBL) (see Fig.4.1 (b)) and four submodels with the ‘bumpless’ switching
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mechanism (denoted as the bumpless decoder, BL) (see Fig.4.1 (c)). The orders of all
models were selected as third (as discussed in Section 4.2.B).

In the model testing phase, the three trained decoders (i.e. S3, NBL, and BL)
and the processed inputs of this phase were applied to estimate outputs. The related
target outputs were also processed based on joints motion. The difference between the
estimated outputs from different decoders and the target outputs were explored to
evaluate the performance. As noted earlier, the testing in this phase was under the
open loop condition, because the muscle activities as inputs did not respond to the
tracking error through human visual feedback.

In the experimental verifying phase, each participant would cooperate with the
robotic system to finish three trials of the same tracking task. The muscle activities
and joints positions in 3D space were also recorded. The real-time EMG signals were
processed and applied together with the three decoders, respectively. During the
cooperation movements, the participant’s brain would respond to the visual feedback
and control muscles to produce arm movements together with the assistance from the
robotic system. Participants were able to mobilise their arms and proactively track
the target with fewer errors in real-time. Therefore, the performance of the three
decoders was evaluated under closed loop configuration with real-time feedback. In this
loop, the estimated forces of the required arm motion not only supported participant’s
movements but also their impact on movements could be perceived by the brain and
the visual system through the visual interactions.

4.4.4 Evaluation Parameters

The performances of three decoders (S3, NBL, and BL) were evaluated by the following
indicators: six muscle activations during the task, model fitness difference between
target outputs and estimated outputs, and smoothness of three outputs.

4.4.4.1 Muscle Activation

The MMA during a trial, which reflects the average muscular efforts, were calculated
in all six muscles (i.e., BIC, TRI, DA, DM, DP, and BR). Since the muscle activations
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of the training and testing phases are all collected in open-loop, the MMA values of
these two phases were analysed together as a group (modelling in Fig.4.3).

4.4.4.2 Model Fitness and Output Smoothness

The difference between the target outputs and the estimated outputs from different
decoders were used to evaluate the performance in decoding EMG signals.

The MFE, which was the absolute difference between the target and estimated
outputs, was calculated to evaluate the accuracy. For the purpose of assessing the
overall accuracy, the RMS value of the whole trial MFE was calculated as Eq.3.4.

The PCC, which shows the relationship between the targeted and estimated outputs,
was calculated to evaluate whether the trend of the estimated motion intention was
consistent with the actual intention [117].

Model fitness is used to describe the overall accuracy of the model estimation, which
considers a balance between absolute and relative differences. A good model fitness
performance relates to a low MFE and a high PCC.

To quantify the smoothness of the outputs, Normalised Jerk Score (NJS) of the
outputs during the testing and real-time experimental verification, was calculated [142]
as follows:

NJS =
√

1
2

T 5

D2

∫
jerk2dt (4.8)

where t refers to the actual time, jerk is the third-order derivative of outputs with
respect to time t, T and D refer to the duration time and amplitude respectively, which
were applied to normalise the jerk and to eliminate the influence of time and amplitude.
The Relative NJS (RNJS) of the outputs estimated by different EMG decoders were
calculated for comparing with target outputs as follows:

RNJS = NJSest

NJStar

(4.9)

where the NJSest is from the decoder estimated output and NJStar is from the target
outputs.
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4.4.4.3 Statistical Analysis

All significance tests of the above indicators among decoders and phases were analysed
by the Kruskal-Wallis nonparametric test with pairwise multiple comparisons at a
conventional significance level of 0.05. All tests were performed by SPSS 19.0 (SPSS
Inc., USA).

4.5 Results and Discussion

4.5.1 Difference and Consistency in Muscle Activation Levels
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Fig. 4.3 The mean muscle activations of six muscles (BIC, TRI, DA, DM, DP, and BR)
during the training and testing phases (modelling) and verifying phases with different
decoders (S3, NBL, and BL).

The results of the MMA in different phases and with different decoders were shown
in Fig.4.3. When comparing the MMA values of the modelling group with that of
the verifying phase, there exist significant differences in most muscles (BIC, TRI, DA,
DM, and DP). The decreased overall muscle activation performance is acceptable and
predictable. As reported in a previous study [143], the support of the robotic platform
would reduce the muscle burden from the arm gravity. When comparing MMA in
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the verifying phase, the performances of each muscle in different decoders were quite
similar to each other. No significant difference was found among different decoders.
This agrees with the fact that the healthy subjects could naturally control their arm
and finish the task no matter which model was applied unless the assistance is out of
control. Muscle activation nature of how a subject controls the arms in tracking the
same task is always similar and should never be different. Otherwise, it means the
subject is not healthy, or there is a resistance applied to the subject that obstacles the
subject’s natural arm control.

Over the whole task, the arm movements of all participants were slow stretching and
retracting movements. The activities of all six muscles illustrated low amplitudes but
producing multiple neural bursts [144] with the response after each switching operation.
This may be related to the task design, in which the trajectory varies sharply at the
vertex of the quadrilateral, and the task direction in one of the dimensions changes
reversely. As described in [145], when the subject controls the arm to follow the target’s
rapid changes, the muscle contraction amplitude and the degree of co-contraction may
change.

4.5.2 Comparision of the Estimation from Different Decoders

The MFE, PCC, and RNJS results are shown in Table.4.1. The target outputs and the
estimated outputs of the three models in the training and testing phases are shown
in Fig.4.4. Furthermore, the target outputs and the estimated outputs of the three
decoders in the verifying phase are shown in Fig.4.5. The results of the RNJS during
both testing and verifying phases were shown in Fig.4.6 and Fig.4.7.

In the testing phase, both NBL and BL had significantly lower MFE and higher
PCC than S3. In the verifying phase, NBL showed the best model fitness performance,
while BL showed great but slightly worse model fitness performance. Moreover, no
significant difference between NBL and BL was found. The model fitness performances
of S3 in both phases was the worst. In terms of RNJS of both phases, it is evident
that the differences between S3 and NBL and those between BL and NBL are both
significant, with RNJS of NBL being the highest among three decoders.
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In terms of MFE and PCC, NBL could estimate the outputs more accurately than
BL. However, there are significant differences between NBL and BL, in terms of output
smoothness, for both testing and verifying phases. It was also observed that in the
testing phase the ‘bump’ behaviour in outputs of NBL is not always sharp (i.e., the
amplitude changes within a small range), but in the experimental verifying phase, more
sharp changes occurred.

The ‘bump’ in NBL model was mainly caused by the ‘direct’ changes in submodel
parameters (i.e., Ci and x0i, see Fig.4.1(b)) during the switching between different
motion phases. Although the ‘bump’ was not so sharp in some cases, its overall impacts
on output smoothness were significant. Since movement smoothness is regarded as an
important indicator of post-stroke motor impairment [146] and the decoder performance
for patients may decrease with decreasing movement smoothness [147], the application
of NBL would have high limitation in stroke recovery assessment. In contrast, although
S3 can estimate outputs smoothly, its model fitness in both phases is not as good as
other published decoders [147–149]. In clinical rehabilitation, patients with dyskinesia
naturally expect assistance that is more in line with their motion intention. The more
accurate a decoder model is, the more potential it may show good performance in
practical applications.

During rehabilitation, it is often required to provide assist − as − needed supports
to the users. To this end, the EMG signal has been widely applied for the estimation of
human motion intent. However, for complex upper limb movements, muscle activities
are mostly nonlinearly involved in human motion intent; they are so complex that
it often cannot be correlated to force magnitude or direction even for pre-processed
EMG signals. A conclusion in line with this is that EMG decoder models for specific
objects/tasks on a specific hand of specific subjects may offer better accuracy than a
generic model [150]. The EMG decoder modelling approaches proposed in this chapter
are targeted to investigate the probable relationship between the arm movement and
muscle activations during different parts of a complex tracking task.

Based on the obtained results, the inaccurate estimation of S3 and discontinuity
outputs of NBL are significant in comparison with BL. Both S3 and NBL would not be
appropriate to be applied to control robots for rehabilitation. BL shows the potential
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in accurately decoding EMG signals into smooth assistance even in an experimental
scenario with limited participants, duration, and data. This switching mechanism
based on a multirealisation of submodels can be an appropriate and practical approach
to control robots in clinical rehabilitation.

Furthermore, this chapter attempted to learn the patterns of how the muscles
produce motion. The patterns are what our bodies naturally have and are apparently
continuous. The motion that participants performed in a tracking task is generally
regarded to be continuous, and it should match the continuous force outputs estimated
from the decoder model.

During system validation experiments, the brain stands at the highest level in the
closed control loop. When a participant receives a visual stimulus, the brain reacts
and sends information to the muscles, and controls the arm to follow the reference
target. The decision-making model of the brain has been recognised as an example of
a choice model, which is realised by a continuous perception-action loop [151].

The proposed bumpless switching system has similarities with the operation of
perception-action loops. In particular, the submodel’s state is similar to the forward
information flow, while the output is associated with body motion. The compatibility
between the proposed bumpless switching model and the human perception-action
process also indicates the proposed approach is a viable method for revealing human
motion intention.

4.5.3 Analysis of the Impact of Outputs Continuity

Considering the application of our method in clinical rehabilitation, we believe it
is necessary to investigate bumpless approaches when applying an EMG decoder to
promote the active participation of control over the rehabilitation robots.

The above-mentioned results demonstrated the practicality and effectiveness of the
proposed bumpless transfer method in decoding EMG signals. Due to the complexity
of bio-signal based control systems, it is reasonable and practical to describe such
a system by a switching model, i.e., describe the system by several low complexity
submodels under a properly designed high-level switching law.
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Table 4.1 The MFE, PCC and RNJS values of the S3, NBL and BL decoders, and
their differences among decoders in both the testing and verifying phases.

Phase Output MFE (Mean±S.D., N) SignificanceS3 NBL BL

Testing
O1 1.71±0.97 1.01±0.42 0.97±0.74 b,c
O2 1.91±1.26 1.09±0.55 1.20±0.90 b,c
O3 1.65±0.96 1.03±0.43 0.97±0.60 b,c

Verification
O1 4.02±2.74 3.66±2.55 4.60±2.77
O2 4.71±2.25 2.64±1.25 5.75±5.32 b
O3 4.93±3.61 2.09±0.58 3.23±2.63 b,c

Phase Output PCC (Mean±S.D.) SignificanceS3 NBL BL

Testing
O1 0.76±0.26 0.91±0.10 0.92±0.17 b,c
O2 0.68±0.48 0.92±0.08 0.93±0.12 b,c
O3 0.76±0.27 0.89±0.10 0.89±0.14 b,c

Verification
O1 0.17±0.59 0.68±0.24 0.72±0.35 b,c
O2 0.23±0.48 0.73±0.23 0.60±0.38 b,c
O3 0.17±0.43 0.82±0.11 0.61±0.57 b,c

Phase Output RNJS (Mean±S.D.) SignificanceS3 NBL BL

Testing
O1 17.14±13.13 75.20±38.71 16.58±9.60 a,b
O2 17.94±18.16 85.15±60.88 24.51±23.71 a,b
O3 21.35±17.02 113.08±69.77 24.58±12.93 a,b

Verification
O1 17.81±11.83 370.00±209.69 20.36±15.68 a,b
O2 20.02±24.72 188.37±110.80 31.13±52.03 a,b
O3 27.15±40.00 368.00±185.72 27.25±15.23 a,b

Note: Significant differences between these decoders are represented by the following alphabets.
a: NBL-BL, b: S3-NBL, c: S3-BL.
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Fig. 4.4 The model outputs of three different decoders (S3, NBL, BL) during the
training and testing phases.
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Fig. 4.5 The model outputs of three different decoders (S3, NBL, BL) during the
verifying phase.
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Fig. 4.6 The RNJS of the estimated outputs of the three EMG decoders (S3, NBL, BL)
during the testing phase.
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Fig. 4.7 The RNJS of the estimated outputs of the three EMG decoders (S3, NBL, BL)
during the verifying phase.
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For a switching system, like the EMG decoder we proposed, many researchers in
system control place great emphasis on properties of the continuous state and outputs
[152], and most of the existing stability criteria for switching systems are under the
assumption that both the system states and outputs are continuous.

Under the continuity condition, the stability of the switching system is also affected
by other factors, such as the submodel’s stability and switching law. It is possible to
stabilise the whole system by a well-designed switching law, even if all subsystems
are unstable [153]. It is also well known that a switching system may be unstable
when switching between two stable submodels. Fortunately, in practice, for a switching
system, if its submodels are all stable, under the continuity requirements, the stability
of the switching system can always be met if the switching frequency is low enough,
i.e., the switching period is long enough. In this study, the identified submodels are
all stable. In addition, for a human involved biosignal-based system, the switching
frequency is often high.

To ensure the continuity of states and outputs, we applied the multi-realisation
theory and proposed a practical bumpless transfer approach for the cable rehabilitation
robot. The method we proposed here is to construct a multirealisation form for
all subsystems based on their minimal common denominator in order to reduce the
complexity of the overall switching system (i.e., reduce the dimension of the switching
system). In the multirealisation form, two parameters A0 and C0 are fixed for ensuring
the continuity of states and outputs during switching. The other two parameters
Bi and Fi are changing when switching to different submodels. With this approach,
the stability requirement of a switched system is attained without loss of submodel
estimation accuracy.

4.6 Conclusion

Compared with the physical sensor-based robot control strategy, the biosensor-based
robot control strategy for rehabilitation can more naturally trigger movements by
human intention motion.
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In this study, we presented a bumpless switching based modelling approach to
consecutively estimate required forces of arm motion from EMG signals by switching
among simple submodels during complex rehabilitation tasks. The main procedure
of the bumpless switching mechanism is first to carve up a complex task into several
simple subtasks which are treated by individual subsystem. Then, a simple state-space
model for each subtask was individually built. Based on the similar characteristics of
the submodels, a generic realisation (multirealisation) for bumpless switching between
every two submodels was purposed based on the RMFD.

The proposed bumpless switching mechanism was validated by both offline testing
and online experimental verification on seven subjects. The testing results suggest that
the method can be applied naturally without any kinematic or dynamic constraints.
Moreover, the estimated outputs of the proposed method during verifications are
equally accurate and smoother than our previous study, making it suitable for patient
rehabilitation applications.



Chapter 5

Continuous Description of Human
Motion Intention Based on a
Mixed-order Switching Mechanism
for a Rehabilitation Robot

5.1 Introduction

User’s proactive involvement is vital in both the therapy procedures and the development
of rehabilitation technics [124], especially for rehabilitation robotics [125]. Based on
advanced rehabilitation theory, biosensor-based robot control strategies imply the user’s
motion intention and allow triggering movements more naturally. The main focus
of biosensor-based robot control strategies mostly locates in the signal selection and
decoding method. The surface EMG signal is a great option and has already attracted
much attention. EMG signals can be collected easily with noninvasive sensors, and
reliably with a close relationship with muscle activities.

Proper intensive physiotherapy is required to improve motor re-learning and recovery
levels of the affected limb after stroke. Since different patients need different therapies,
it is vital to recognise the actual motion ability that patients remain. For post-stroke
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patients who remain partly motion ability, it is essential to evoke their motion intention
and help them proactively enrol in rehabilitation with robot assistance.

A few researchers have tried revealing human’s motion intention in both static [30]
and dynamic manners [126]. However, rarely studies can consecutively map human
motion intention from EMG to limb motion in a natural neuromuscular control strategy.
The difficulty may cause by the existence of inconsistent motor control patterns among
subjects and highly dynamic EMG characteristics. Panagiotis et al. proposed a state-
space model with reduced dimensionality of both inputs and outputs which devoted to
continuously map the relationship between EMG signals and multi-joint movements
[50]. However, the information included in EMG signals may be reduced, and the
dynamics of the system will be ignored with the dimension-reduction. Zhang et al.
proposed an adaptive estimation method to train a model for accurately mapping
two-paired muscle activations and elbow motion for solving subject-specific problems
[127]. However, the application of this method is limited in single or two joints, and
there still settles a big challenge in keeping signal integrity.

A method was developed without dimension reduction for consecutively estimating
multi-joint motion intention in real-time motion from EMG signals during a linear
tracking task [128]. The method showed good performance in accuracy and had the
potentials in supporting users naturally. But there exists a problem: when the decoder
model has a low order, all the important system dynamics can not be represented
by the model, but a high order model may lead to an over-fitting problem [154]. A
switching mechanism is proposed for expanding application in complex rehabilitation
tasks and improving applicability [129]. The method showed better overall performance
than the previous one and had potentials in supporting users with consideration of
task complexity effects. Another problem is recognised when applying the method in
real-time experiments. Between the switching of every two submodels, the estimated
outputs are suddenly changed denoted as bump outputs because the models’ parameters
are varied. The continuity of estimated outputs when switching every task is rarely
discussed though there are some researches about switching method for different tasks
[44, 86]. Furthermore, to obtain the best model for each subsystem, different orders
are tried, and for each order, the model performance on the training data and the
robustness testing data were evaluated. Since the best order of every model is different



5.2 Models of EMG decoder 93

from each other, a much complicit situation is to switching among parameters whose
dimensions are also varied. The overall performance of the previous method is high, and
the suddenly changed outputs show slight influence in real-time experiments. However,
the influence of bump outputs is ineligible for some healthy subjects, because it may
cause a short term response of functionally destabilise posture, or even a long term
response of body displacement as compensation [130]. It is totally unacceptable for
dyskinesia patients, because it may affect movement stability which is vital during
rehabilitation and even cause injury.

For the purpose of exploring the best EMG decoder model during complex tasks,
a switching mechanism for carving up the task into several simple subtasks and
individually identifying a submodel for each subtask is set up. Since the parameters,
orders, and hidden states are different among every model, the ‘Bump’ appearance of
the output may affect the consecutiveness and status of the system. Morse proposed
an effective way for improving the inadequate transient response of some switched
systems, which is to implement ‘Bumpless’ transfer between the linear multivariable
systems [132]. Hespanha et al. employed an adaptive control algorithm that consists
of a group of linear controller models and a high-level switching logic for supervising
[131]. A multirealisation problem for a family of linear controller models is solved and
applied in MMAC algorithms [133]. Similar to the MMAC application, the proposed
switching mechanism uses only one submodel (i.e. a controller) to generate estimated
outputs at any instant of time. Furthermore, different submodels may require different
orders for acquiring the best performance, reserve most EMG information, and present
maximum system dynamics. Thus, the aim of this chapter is to eliminate the ‘Bump’
appearance of the EMG decoder outputs into a ‘bumpless’ appearance by finding a
general realisation for a group of MIMO subsystems with different orders.

5.2 Models of EMG decoder

The EMG decoder model of each subtask is built up as a linear continuous state-space
model. Consider the state-space model for one subsystem (denoted as a submodel) as
shown in Eq.3.3.
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The state-space submodels for a given task are established by identifying the
matrices {Ai, Bi, Ci}, and the initial state x0. These parameters are identified in the
continuous-time domain by using one of the Subspace Model Identification methods, the
Canonical Variate Analysis. As the system under investigation is stable, the stability
of the model is added as a compulsory condition during model identification.

For each submodel, the selection of order k by Zhang et al. [155] based on the
Minimum Description Length criterion for the trade-off between the simplicity of the
model and the model’s applicability to the data is referenced. To be more specific, the
orders of all four submodels are selected with the consideration of the performance of
the singular value during each modelling period. Therefore, the order of each submodel
may be different, and the order of the whole decoder model for each subject may be
different.

5.3 Multirealisation

As described in Section.4.3, the transfer function matrix Hi(s) (i ∈ {1, 2, 3, 4}) can be
expressed by MFD [136]. The specific steps of using MFD to find a multirealisation of
the four submodels Hi(s) will be described later.

To achieve a simpler transfer function of these subsystems, the minRMFD of these
subsystems are calculated as Section.4.3.1. The minRMFD (D̄(s) and N̄(s)) of a
transfer function can be found after this step.

5.3.1 Multirealisation of Linear Subsystems with Mixed Or-
ders

With the minRMFDs (D̄i(s) and N̄i(s)) of all subsystems found, a generic multirelisation
of the set of subsystems Hi can be achieved by the following method which is simplified
based on [134].

A ploynomial matrix D(s) can be written as D(s) = DhcS(s) + Dlc(s), where
S(s) , diag{sk1 , sk2 , ..., skm} is the highest column degree matrix with ki being the
highest degree of the i-th column of D(s), and Dhc is the highest degree-coefficient
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matrix of D(s), which is constructed from the coefficients of the highest degree
polynomials in the columns of D(s), and Dlc(s) is the remaining part of the D(s). The
operator (Dhc{· }) is defined as Dhc{(D(s)} = DhcS(s)).

Assume the minRMFD of a transfer function Hi(s) = Ni(s)D−1
i (s) = N̄i(s)D̄i(s)

can be found with D̄i(s) in column reduced form. To simplify the discussion, we can
assume that the matrix Di(s) is a Popov form matrix [136]. With the minRMFDs
(D̄i(s) and N̄i(s)) of all subsystems found, a generic minimal multirealisation of the
set of subsystems Hi(s) can be achieved by the following procedure [134].

5.3.1.1 Reform the minRMFD

To derive conditions for the multirealisation of multivariable systems, we first reform
the D̄i(s) into D̃i(s) with requirements that the elements of S(s) exist on the diagonal
in degree reducing order, and the Dhc

i of the D̃i(s) are normalised to I, which are
implemented by elementary transformation with consideration of every element of each
D̄i(s). The transfer function, therefore, is transformed into:

Hi(s) = N̄i(s)Mi[D̄i(s)Mi]−1 = Ñi(s)D̃−1
i (s) (5.1)

where Mi is a real matrix for i-th subsystem for reform the minRMFD.

5.3.1.2 Uniform the Common Highest-degree-coefficient Matrix

As described by the previous research [133], a stable based generic multirealisation can
be found with a genic minimal common denominator Dms(s), for which Dhc{Dms(s)} =
Dm(s) has the form shown in Eq.4.5 and Eq.4.6:

In this step, we try to find out the common Dhc
m for every subsystem.

5.3.1.3 Construct a Common RMFD

With the constructed common highest-degree-coefficient denominator Dhc{Dms(s)} =
Dm(s), it is always possible to transfer the Dhc{D̃i(s)} by right multiply a polynomial
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matrix Dhc{M̄i} for increasing the order of each column, the M̄i has the following form

Dhc{M̄i} = diag{s∆ki
p}(p ∈ 1, ...n), (5.2)

where the ∆ki
p = kmaxp − ki

p is the order difference in p-th column between Dm(s) and
Dhc{D̃i(s)}. After that, a real number g is needed. The number g is for constructing
the matrix by M̄i = diag{(sI − g)∆ki

p}. The g here is required to be any positive
number. The stability of the system after this step is ensured.

When we found the M̄i, the Dmi(s) and Nmi(s) of i-th system can be constructed
by right multiplying it as follow:

Hi(s) = Ñi(s)M̄i[D̃i(s)M̄i]−1 = Nmi(s)Dm−1
i (s) (5.3)

where Dhc{Dmi(s)} = Dhc{D̃i(s)M̄i} = Dm(s).

After we constructed the new RMFDs for all subsystems, it is ready to multi-realise
all the submodels.

5.3.1.4 Construct a Generic Multirealisation

Based on the previous research [133], to implement the multirealisation form, we need
to construct Nmi(s) and Dmi(s) for the transpose form of Hi(s), i.e.,

HT
i (s) = Nmi(s) · Dm−1

i (s).

Then, construct a stable polynomial matrix Dms(s) such that Dhc{Dms(s)} = Dm(s).
By using the method in [136] (pp. 403-407), a controller form realisation {Ac0, Bc0, Cci}
of Nmi(s)D−1

ms(s) can be found with the pair {Ac0, Bc0} controllable and Ac0 stable
and Cci = Nmilc. Let Ki = Dmlc − Dmilc. Then, a generic minimal multirealisation
for the set of subsystems HT

i (s) (i ∈ {1, 2, 3, 4}) is {Ac0 + BcoKi, Bco, Cci}.

Then, the multirealisation form for the original submodels Hi(s) = HT
i (s)T can be

obtained as {A0 + FiC0, Bi, C0} by letting A0 = AT
c0, Bi = CT

ci, C0 = BT
c0, Fi = KT

i

where only the Fi and Bi are needed to be adjusted during switching. As A0 and C0
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are constant during switching, the stable LTI system with the switching mechanism
can ensure bumpless outputs in real-time (i.e., the outputs keep continuous under the
switching of Fi and Bi). The obtained generic multirealisation of four subsystems is
denoted as {AEi, BEi, CE}.

5.3.1.5 Find an Expanded Initial State xEi

Although it is always possible to find the adequate generic multirealisation, the
dimension of the initial state xEi of each subsystem in multirealisation is different from
the identified xi of the initial submodel. Therefore, the following steps are proposed to
construct the xEi based on the multirealisation and xi.

Firstly, when the order of a submodel raised to the order of the generic multire-
alisation, the new realisation includes ∆ki

p uncontrollable elements. These elements
are related to the extended elements of xEi. To find out these elements, the generic
multirealisation for a subsystem is transformed into controllability staircase form
{ĀEi, B̄Ei, C̄Ei} as follow:



ĀEi = M̃iAEiM̃
T
i =

 Āuci 0

Ā21 Āci


B̄Ei = M̃iBEi =

 0

B̄ci


C̄Ei = CEM̃T

i =
[

C̄nci C̄ci

]
C̄Ei(sI − ĀEi)−1B̄Ei = C̄ci(sI − Āci)−1B̄ci

(5.4)

where Āci, B̄ci, C̄ci are the controllable elements, and Āuci and Cnci are the uncontrollable
element.

Based on the Eq.5.4, the matrix M̃i is also applied in the extended initial state xEi

of the generic multirealisation for reforming it as a controllable form x̄Ei as follows:

x̄Ei = M̃T
i xEi =

 0
x̄ci

 , (5.5)
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where x̄ci is the controllable element, and the 0 elements are the uncontrollable elements.

Theoretically, the controllable form {Āci, B̄ci, C̄ci} should equal the identified realisa-
tion {Ai, Bi, Ci}. However, due to the complexity of a real system and the simplification
of minRMFD, {Āci, B̄ci, C̄ci} here has the same the dimension as {Ai, Bi, Ci}, and their
values are related as follows:


M̆iĀci − AiM̆i ≤ α

M̆iB̄ci − Bi ≤ β

C̄ci − CiM̆i ≤ γ.

(5.6)

With the restrictions that α, β, γ ≥ 0 and α + β + γ ≤ e−10, it is always possible to
find the matrix M̆i that best fit the relationship between two forms.

After that, the controllable element x̄ci of x̄Ei is also related to the identified initial
state xi by M̆i as:

x̄ci = M̆T
i xi. (5.7)

Combining Eq.5.5 and Eq.5.7, the extended initial state xEi for each subsystem
can be calculated and applied with the generic multirealisation {AEi, BEi, CE}.

This general bumpless switching method with mix-order submodels is denoted as
‘GBL’ in the following sections.

5.3.2 Other Switching Mechanisms

5.3.2.1 A Simplified Bumpless Switching Mechanism

In terms of the whole system, the dimensions of the inputs and outputs always keep
the same in any submodels, while the dimensions of the hidden state xi are different
from each other. To realise bumpless outputs, adjustments on Ci can compensate for
the gap between the final state of the previous submodel and the initial state of the
present submodel. This method needs to be implemented separately according to two
situations.
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When the order of the submodel (ki) equal the dimension of output (here is 3),
construct Oi matrix that equals Ci matrix, i.e.

Oi = Ci. (5.8)

When ki is larger than the dimension of output, construct Oi by grouping a zero
matrix Qi ∈ R(ki−3)×3, an element matrix Ii ∈ R(ki−3)×(ki−3) and Ci into a square
matrix as follows:



Q̄i =
[

Qi Ii

]

Oi =

 Ci

Q̄i.

 (5.9)

Use Oi to reform all parameters as follows:



x̄i = Oixi

Āi = OiAiO
−1
i

B̄i = OiBi

C̄i = CiO
−1
i .

(5.10)

The output matrix C̄i is an element matrix but may differ from each submodel. With
this C̄i, the outputs would be only affected by the hidden state x̄i.

When applying this simplified switching method, the initial hidden state of the
first submodel is given as the reformed x̄0 from the modelling phase. With the new
realisation {Āi, B̄i, C̄i} and hidden state x̄i, when the time flows to the switch point
between every two models, denote the order of the first model as m and the order of
the second model as n: 1) if m = n, the hidden state keeps changing without additional
processing; 2) if m < n, keep the first m states the same, and add the extra (n − m)
state from the reformed x̄i of the certain submodel; 3) if m > n, keep the first n states
the same, and throw away the rest states. With this method, bumpless outputs can
also be realised while the hidden state is not continuous. This simplified bumpless
switching mechanism is denoted as ‘SBL’ in the following sections.
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5.3.2.2 A Zero Initial State Switching Mechanism

Another method to ensure a bumpless method is to set the x0 as a zero matrix while
the initial state of the first model is given from the modelling phase. This method is
applied to investigate the impact of the initial states in overall model performance and
denoted as ‘ZISBL’ in the following sections.

5.3.2.3 A Bump Switching Mechanism

A switching mechanism is directly switching the four submodels by time without any
additional processes on parameters. The outputs thus are not continuous, but the
overall accuracy is proved to be relatively good [129]. This bump switching mechanism
method is denoted as ‘NGBL’ in the following sections.

5.3.2.4 A Single State Space Model without Switching Mechanism

In comparison, a single state space model is also trained for applying in the whole task.
Since the orders of all submodels are not exceeding 6, the order of the single state
space model is selected as six. This six-order single model is denoted previously as ‘S6’
and in the following sections.

5.4 Experiments

A cable-based upper limb rehabilitation robotic system is used to provide assistance to
participants. The details of the robotic system are described in Section.2.4 and showed
in Fig.5.1.

The muscle activations are calculated from full-wave rectified EMG envelops [50],
normalised to the MVC values [110] and a EMG-muscle activation models [111–113].
The EMG-driven forces which related to human motion intention and further calculated
the driven torques of the three motors are computed from the human-robot dynamics
model [94] by using the motion system. In order to match the frequency of muscle
activations (system inputs) and the EMG-driven forces (system outputs) from the
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Fig. 5.1 An experimental scenario.

human-robot dynamics model, the muscle activations are further decimation into 100
Hz. The dynamic model is applied to calculate the EMG-driven forces on the wrist
(the decoder outputs) during the human-robot cooperation movements of the arm and
splint.

5.4.1 EMG-based Human-robot Cooperation Controller

The human-robot cooperation controller based on an EMG decoder is used for control-
ling the robot. The EMG decoder is trained to estimate the EMG-driven forces along
with the cables from muscle activations. The six muscle activations are the inputs, and
the EMG-driven forces are the outputs of the decoder system.

In this chapter, the designed complex task is still the tracking of a square shape
preset trajectory in a horizontal plane with four rectilinear movements (i.e. the four
subtasks) in different directions of 3D space. The length of each rectilinear movement
is

√
0.02m.

The switching mechanism for carving up the task into subtask is also applied. A
total of four different ordered linear state-space models as submodels with six-input
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and three-output are built up for this task. For subtask decoder models, each of them
can seem as a subsystem. The switching mechanism in the chapter can be realised
directly by time series (bump) and by a general bumpless realisation. As a comparison,
the 6-order single model for the whole task is also built up and applied.

5.4.2 Participants

Five healthy participants (aged 25.0 ± 0.6 yrs) were recruited. All participants signed
the written informed consent forms. This study was approved by the Human Ethics
Committee of the First Affiliated Hospital of Sun Yat-Sen University ([2013]C-096).

Based on biomechanics literature [116], the surface EMG signals of six muscles
(BIC, TRI, DA, DM, DP, and BR), which are mainly responsible for analysing the
upper limb motions, are recorded by the EMG acquisition system.

5.4.3 Experimental Protocol

The efficiency of the proposed general bumpless transfer method will be verified by
both numerical analysis and real-time experiments with seven participants. The impact
of the initial state will also be verified with three participants. Numerical analysis
(mainly modelling) consists of the EMG decoder model training phase and model
testing phase by simulation. The experiments are mainly for the real-time EMG-based
control performance in the verifying phase.

The data for the training phase and the testing phase are collected according to
the following procedures. Each participant is asked to track a moving cursor shown on
the screen by using his/her arm for 20 seconds in total. The trajectory of the moving
cursor is the preset square shape trajectory in the horizontal plane. The cursor moves
for 5 seconds during each rectilinear movement. Each participant is asked to track the
cursor, which repeatedly moves along the square shape trajectory nine times as nine
trials. Six trails are randomly selected for the training phase, and three trials are for
the testing phase.



5.5 Results and Discussion 103

The data for model training is processed for training four submodels. These models
may have different orders and order selection is based on model performance during
the training phase as described in Section 5.3.

In the model testing phase, the EMG signals are also processed as the input, and
the trained models are used to estimate the outputs. The estimated outputs are
compared to the targeted output to assess the accuracy of the models. As noted before,
during the testing stage, the muscle activities contain no response to the tracking error
through human visual feedback.

In the experimental verification stage, the participants are instructed to place their
forearms in the splint. All three models are applied in the EMG-based controller
and for realising the human-robot cooperation movements. During this phase, each
participant is asked to tracking the cursor three times as three trials. All participants
are required to finish the task with robot assistance estimated by every model together
with their muscle contributions. The performance of different models can be assessed
in a real-time feedback loop. In this loop, the human 3D motion intent, estimated by
using the identified models, as reflected in the human visual feedback in real-time to
reduce the tracking error as indicated in the computer screen.

5.5 Results and Discussion

The muscle activations are analysed to explore the motion ability difference between
the modelling in offline phases (i.e., training phase and testing phase) and the online
verifying phase. To evaluate the performance of different models, the model fitness,
output smoothness are calculated, analysed, and compared.

5.5.1 Model Fitness

Based on the EMG decoder models, the target outputs from the joint positions and
estimated outputs from the models with the same inputs can be calculated.

The Root Mean Squared Logarithmic Error (RMSLE) value is calculated to evaluate
the model. RMSLE can measure the ratio between outputs target and estimation
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according to the following equation:

RMSLE =

√√√√ 1
N

N∑
i=1

(|(log(yi + 1) − log(ŷi + 1)|)2 (5.11)

where yi is the estimation value, ŷi is the estimation value in each output at i-th
sampling instant, and N is the number of samples.

The Concordance Correlation Coefficient (ρc) between the targeted and estimated
outputs is calculated for measuring how well the estimation compares to the targets as
follow [156]:

ρc = 2sxy

s2
x + s2

y + (x̄ − ȳ)2 (5.12)

where x̄ and ȳ are the mean values of the targeted and estimated outputs, the s2
x and

s2
y are their variances and sxy = 1

N

∑N
n=1 (xn − x̄)(yn − ȳ) is the covariance.

Furthermore, for measuring how successful the model fit is in explaining the variation
of the data, the adjusted coefficient of determination noted as the adjusted R-squared
(R2

adj) is calculated as follow [157]:

R2
adj = 1 − (N − 1)(1 − R2)

N − p
(5.13)

and
R2 = SSregression

SStotal

=
∑N

i=1 (fi − ȳ)2∑N
i=1 (yi − ȳ)2 (5.14)

where yi is the observed value, and fi is the estimation value in each output at i-th
sampling instant, and ȳ is the mean values of yi, and N is the number of samples,
and p is the number of parameters of a model. The R2

adj is a rescaling of R2 by Dof.
Thus it can evaluate models with consideration of the quantities difference of model
parameters.

The results of the RMSLE, ρc and R2
adj are shown in Table.5.1.

The model outputs of the four different models during the training and testing
phases are shown in Fig.5.2. The model outputs of four different models during verifying
phases are shown in Fig.5.3.
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Table 5.1 The comparison between the RMSLE, ρc, R2
adj and NJS values of three

models (NGBL, GBL and S6) during training, testing and verifying phases.

Phase Output RMSLE (Median(IQR)) SignificanceNGBL GBL S6

Training
O1 0.01(0.01) 0.02(0.01) 0.05(0.05) a,b,c
O2 0.01(0.01) 0.02(0.01) 0.03(0.01) b,c
O3 0.01(0.01) 0.02(0.03) 0.05(0.04) b

Testing
O1 0.03(0.01) 0.03(0.01) 0.08(0.05) b,c
O2 0.03(0.02) 0.03(0.03) 0.06(0.03) b,c
O3 0.03(0.02) 0.04(0.03) 0.08(0.01) b,c

Verifying
O1 0.23(0.26) 0.15(0.14) 0.78(2.03) b,c
O2 0.13(0.22) 0.11(0.05) 0.25(0.55)
O3 0.15(0.09) 0.12(0.07) 0.67(0.55) b,c

Phase Output ρc (Median(IQR)) SignificanceNGBL GBL S6

Training
O1 0.99(0.01) 0.97(0.03) 0.90(0.12) a,b
O2 1.00(0.01) 0.98(0.02) 0.94(0.05) a,b,c
O3 0.99(0.03) 0.97(0.09) 0.89(0.13) b

Testing
O1 0.94(0.05) 0.95(0.04) 0.65(0.36) b,c
O2 0.96(0.06) 0.95(0.11) 0.85(0.11) b,c
O3 0.94(0.06) 0.92(0.08) 0.74(0.27) b,c

Verifying
O1 0.34(0.50) 0.35(0.18) -0.03(0.02) b,c
O2 0.47(0.26) 0.46(0.37) 0.11(0.33) c
O3 0.41(0.27) 0.67(0.18) 0.01(0.23) b,c

Phase Output R2
adj (Median(IQR)) SignificanceNGBL GBL S6

Training
O1 0.98(0.02) 0.95(0.07) 0.76(0.32) a,b
O2 0.99(0.03) 0.95(0.06) 0.88(0.11) b,c
O3 0.98(0.07) 0.94(0.17) 0.69(0.32) b

Testing
O1 0.86(0.12) 0.88(0.09) 0.56(0.83) b,c
O2 0.91(0.16) 0.89(0.17) 0.68(0.44) b,c
O3 0.87(0.15) 0.80(0.25) 0.42(0.26) b,c

Verifying
O1 -4.61(9.44) -2.72(4.28) -88.92(121.96) b,c
O2 -0.35(3.51) 0.02(0.62) -3.35 (58.98) c
O3 -0.92(1.89) -0.18(0.98) -36.31(72.28) b,c

Phase Output RNJS (Median(IQR) SignificanceNGBL GBL S6

Training
O1 34.81(22.36) 15.92(5.44) 26.76(40.77) a
O2 30.20(13.92) 11.69(9.69) 19.97(10.04) a,b
O3 39.15(24.11) 21.11(10.00) 22.91(21.66) a

Testing
O1 41.37(27.16) 14.82(6.82) 28.66(30.39) a,b
O2 34.25(16.51) 15.23(18.88) 23.01(11.81) a,b
O3 45.69(66.07) 19.44(8.63) 29.06(25.66) a

Verifying
O1 265.80(242.68) 32.71(23.07) 7.65(21.13) a,b
O2 217.30(244.84) 20.76(18.19) 13.43(22.80) a,b
O3 316.34(174.73) 22.33(15.11) 13.81(13.16) a,b

Note: 1) IQR:Interquartile Range; 2) Significant differences between these models are
represented by the following alphabets: a:NGBL-GBL, b:NGBL-S6, c:GBL-S6.
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As expected, both the general bumpless switching mechanism and the simplified
bumpless switching mechanism can effectively estimate motion needed forces without
any sudden changes. However, it is not surprising to find that the modelling fitness of
among the bump, the general bumpless, and the simplified bumpless method didn’t
show any difference. It is because of the high accuracy obtained by each subtask model
and the gap of sudden change during switching was averaged into the whole task.
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Fig. 5.2 The model outputs of three different models during the training and testing
phases.

5.5.2 Output Smoothness

In order to quantify the smoothness of the outputs for controlling the motor groups,
NJS of the outputs during the simulation and real-time experiments was adopted to
represent movement smoothness in 3D space [142] and calculated as Eq.4.8.

The RNJS of the outputs estimated by different EMG decoder models is calculated
for comparing with desired outputs from the dynamics models as Eq.4.9.

The results of the RNJS during both testing and verifying phases are shown in
Table.5.1.

The difference between GBL and NGBL is significant among all outputs in all three
phases, while the values of RNJS of the NGBL model are the highest. The smoothness
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Fig. 5.3 The model outputs of three different models during the verifying phase.

of the bumpless outputs perfectly kept the same level to the same-ordered bumpless
method and 3-order single model in our previous study [129]. The results demonstrated
that no matter what the order of each submodel is, the bumpless estimated forces are
well performed. Therefore, it is obvious that, although the bump model can relatively
estimate the outputs, it can not offer the smoothness of the outputs and therefore will
highly affect the application in real-life rehabilitation.

5.5.3 Effects of Different Initial States

The results of the RMSEL, ρc, R2
adj , and RNJS among four different models (NGBL,

GBL, SBL, ZISBL) within three subjects are shown in Fig.5.4, Fig.5.5, Fig.5.6, and
Fig.5.7.

The effects of different initial states showed thoroughly from the results. It is
apparent that the best performance of the results is: a small value of RMSELE, a
small value of NJS, a value of ρc that close to 1 and also a value of R2

adj that close to
1. With these requirements, it is clear to clarify the best selection of the initial state
is processed in GBL, which is realised by the proposed advanced general bumpless
switching mechanism.
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Fig. 5.4 Results of RMSLE among four different models within three subjects.
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Fig. 5.5 Results of RNJS among four different models within three subjects.
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Fig. 5.6 Results of ρc among four different models within three subjects.
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Fig. 5.7 Results of R2
adj among four different models within three subjects.

5.5.4 Statistical Analysis

Based on the results, the results of RMSEL, ρc, R2
adj , and RNJS of different models

is non-normal distribution. Therefore, to analyse the influence of different decoder
models, the difference of these parameters are evaluated by using the Kruskal-Wallis
nonparametric test with pairwise multiple comparisons with significance level at 0.05.
Statistical work is performed using SPSS 19.0 (SPSS Inc., USA).

5.6 Conclusion

In this study, a mathematical method was proposed to realise a general bumpless
transfer among EMG decoder models with different orders. An order transformation
which aimed to reform models based on the common order among all models is applied
to form a multirealisation of different ordered linear systems. With the multirealisaion,
selecting proper initial states of each model is vital for ensuing no bump connection
between every two models. The effect of initial states is investigated among four
models with different selections. The results indicated that the initial states, based on
the proposed order transformation method, have the best performance. Overall, this
advanced general bumpless switch mechanism together with EMG decoder models can
effectively estimate the motion needed forces from EMG signals with high accuracy and
smoothness, which was validated by numerical simulation and real-time experiments.





Chapter 6

Continuous Estimation of Motion
Intention based on EMG Signals
Using a Time-variant Long
Short-term Memory Network

6.1 Introduction

Due to the noninvasiveness and relative robustness in the collection of the surface
EMG signal, there has been a focus in the field of prostheses, exoskeleton, stroke
rehabilitation, and robot control. Specifically, EMG decoders are mostly used to
estimate motion intention from EMG signals and are highly concerned with control
strategy research. There are two main design schemes for them: pattern recognition
and direct control [81]. The pattern recognition scheme in myoelectric control is more
likely to extract and classify basic patterns that happen during motion. However,
despite its reliability in results, the outputs of the scheme are predefined motion classes,
the number of patterns that can be chosen is limited [83]. The requirements of the
coordination of multiple physiological degrees of freedom across multiple joints and the
continuity among different classes are intractable issues that needed to be addressed
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[84]. However, in many areas, especially rehabilitation and robot control, simultaneous
and continuous control of multiple DoFs is necessary.

For a direct control scheme, the main aim is to estimate forces or torques in time
series for simultaneously controlling robotics or prostheses directly from EMG signals
or their characteristics. Many myoelectric control methods based on linear system
approaches have been proposed, i.e. a dimensionality-reduction technique with a linear
system model [50], an adaptive muscle-to-force model based on EMG patterns [158], a
decoder model based on Kalman filter and ridge regression [149]. Although the linear
system modelling methods are easier to be realised and only required individual data
for training parameters, the nonlinearity of EMG signals is not fully considered, and
more DoFs are needed to be represented.

With the development of nonlinear system methods and deep learning methods in
biological signals, lots of methods that can solve many complex problems such as the
non-stationarity of EMG signals across sessions and achieve much better performance
are also reported, i.e., a decoder model based on kernel ridge regression [88], and a
three domains fuzzy wavelet neural network algorithm [89]. In another aspect, some
researchers take advantage of both classification, and regression approaches [159]. A
decision from the classification scheme was used to trigger a task-specific EMG decoding
model based on a linear system method that outperforms a ‘general’ model. Moreover,
some studies also combined different deep learning methods such as convolutional
neural network, RNN, and LSTM to obtain a much general and robust algorithm with
even better performance in decoding EMG signals [83, 91]. Machine learning methods
with enormous data support have shown great power for myoelectric control while
some variabilities such as fatigue, and physiological factors of EMG signals still need
more investigation [92].

Generally, deep learning methods try to extract features on multiple levels of
representation and learn very complex functions with the composition of several layers.
An advantage also shows in the learning procedure where layer features can be learned
without human designing [93], and also no physiological significance needs to be
related. It is much easier to be applied in real and commercial rather than traditional
linear system methods which require dedicated design based on biomedical experts.
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Although most of the mentioned research has demonstrated impressive power in force
estimation, and controlling prostheses and rehabilitation robots, the complexity and its
requirements in data size, and time cost training procession are key points in results.

This chapter aims to develop an approach based on deep learning technology and
time-variant thoughts in decoding EMG signals and applied in real-time rehabilita-
tion robot testing. LSTM is a method that can be effective in capturing temporal
dependencies based on learning contextual information from past inputs [160, 161].
However, most recent studies in myoelectric control have only applied conventional
selected features rather than deep temporal or spatial features in their regression
process. For the purpose of identifying the temporal information during continuous
muscle contractions of a whole movement, an LSTM-based model was applied at every
time instance and treats the process of EMG signals to motion forces as a time-variant
system. Furthermore, two models based on LSTM were trained by data of one or three
designed tracking tasks in three-dimensional space. Two models based on linear system
methods were also trained by data of every task. The comparisons among different
models were analysed to reveal the contributions of different methods. A total of seven
healthy participants took part in experiments to perform three different tracking tasks
in three-dimensional space when without or with robot assistance. From experimental
results, it could be observed that the deep learning-based methods outperform linear
system based methods in most tasks. At the same time, they both contribute to the
myoelectric controlled robot being used in a rehabilitation process.

The remainder of this chapter is structured as follows. Section 6.2 describes the
proposed time-variant LSTM-based method and introduces the experimental setups.
Section 6.3 presents estimation results in both offline and online testing phases. Section
6.4 compares and discusses the results from different methods and their contributions,
respectively. Section 6.5 draws the overall conclusion whilst presents our future works.

6.2 Materials and Methods

The platform was used to provide assistance to participants, as shown in Fig.6.1, and
its details are described in Section.2.4.
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Fig. 6.1 An experimental scenario. (a) The platform structure (b) Electrodes placements,
markers placements, and three tracking tasks.

6.2.1 EMG-based Human-Robot Cooperation Controller

The human-robot cooperation controller based on an EMG decoder was used for
controlling the robot [129]. The EMG decoder (Fig.6.2 (b-d)) was trained to estimate
the EMG-driven forces along the cables from muscle activations. The muscle activations
were obtained by basic EMG processing and EMG-activation model based on a previous
research [60]. The arm and robot dynamic models were built for reckoning the voluntary
forces driven by muscle’s EMG from the kinetics of arm together with the end-effector
on the basis of arm and robot structure. The EMG-driven forces would be further
transferred into a motor torque for driving the motor group.

6.2.1.1 EMG-activation Model

The EMG to muscle activation model was built for calculating the muscle activated
levels from the amplified EMG signals measured by the EMG acquisition system.
First, the amplified EMG signals were full-wave rectified by a 4th order Butterworth
low-pass filter to obtain the envelope of amplified EMG signals [50]. Then, the envelop
magnitude of each muscle was normalised to the values of its MVC [110]. The neural
activations were obtained from the normalised envelope of EMG signals in real-time
by a second-order discrete-time linear model [111]. The muscle activations were then
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Fig. 6.2 The detailed architecture of the real-time EMG decoding method with the
PCA-SS model, the switched system model, and the LSTM-based method. (a) LSTM
unit, (b-d) Three methods to train an EMG decoder.

obtained by the coupled relationship between it and the neural activations. The
relationship was presented by first-order dynamics [112] and by a non-linear function
at low levels of force [113]. The muscle activations were further decimated into 100 Hz
to match the frequency of the EMG-driven forces.

6.2.1.2 Arm and Robot Dynamics Analysis

A dynamic model was used to calculate the EMG-driven forces on the hand during the
human-robot cooperation movements of the arm and the end-effector. The palm was
the contact point between the robot and the arm. During the modelling phase, the
assistance from the robot was unavailable. Therefore, the forces were driven by EMG
on the hand and consist of the motion driven forces and the forces for resisting the
effects of arm gravities. During the verifying phase, the cables would drive the arm
and the end-effector moving together for executing the task. The forces provided by
the motor along the cables were estimated by the EMG decoder model based on the
real-time EMG. The kinetics of the robot was applied for calculating the forces along
the cables and further the driven torques of the motor group as described in [94].
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6.2.2 Participants

Seven healthy participants (aged 26.3 ± 1.4 yrs) were recruited in the data collection
phase. Three of them also participated in real-time experiments. All participants
have signed the written informed consent forms. This study was approved by the
Human Ethics Committee of the first affiliated Hospital of Sun Yat-Sen University
([2013]C-096).

Based on biomechanics literature [116], the surface EMG signals of six muscles
(BIC, TRI, DA, DM, DP, and BR), which are mainly responsible for analysing the
upper limb motions, were recorded by the EMG acquisition system. The EMG signals,
positions of the shoulder and elbow, and the position of the end-effector together with
the hand were recorded simultaneously.

6.2.3 Experimental Protocol and Dataset Construction

In this chapter, the experiment design aims to investigate the performance of LSTM-
based EMG decoder in a single complex task and multiple complex tasks that do not
consider the task difference. We also expected to compare the performances of this deep
learning method with some traditional linear system methods and find their difference.
Base on the aims, two distinct data preparation for the deep learning method and
linear system methods were designed according to the procedure described as follows.

For both methods, the basic task requirements were the same. Participants were
required to finish the same groups of tracking tasks with the best accuracy and stability
as follows: A target as a yellow cursor shows and moves on the screen, as shown
in Fig.6.1(2). The trajectory of the moving yellow cursor varies depending on the
different tasks: (a) triangle-shaped task in the sagittal plane, (b) square-shaped task
in transversal plane, and (c) circle-shaped task in the frontal plane in Fig.6.3. In all
tasks, the cursor moves for 20 seconds with a constant velocity. The actual position
of the hand in the specific plane is linked in a red cursor. The specific plane also
varies depending on the tasks. Both the yellow and red cursors only move in two
dimensions of the specific plane of each task. As a secondary reference, a grey cursor
that represents the third dimension besides the task plane is fixed to instruct how far
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the actual movement is away from the specific plane. A green cursor is the actual
position of the hand in the third dimension and only moves in this dimension.

The difference between the two methods locates in model training dataset construc-
tion. For the linear system methods, the models should be trained based on personnel
data. In this case, ten repeating trials of every task were merged as a training dataset
for each participant. Each participant had an individual switched state space model
(denoted as ‘MMSS’) and an individual PCA based state space model (denoted as
‘PCASS’) based on his/her own training dataset for every task. There were three
participants involved in the dataset constructions of these linear system methods.

For the deep learning methods, to build up a larger dataset for thoroughly activating
parameters, seven participants, including the previous three, were involved. Three
training datasets were constructed with these participants in three tasks for training
LSTM-based models (denoted as ‘LSTMS’). In this case, every 15 repeating trials of
seven participants in each task were merged and randomised as a training dataset.
To investigate whether the LSTM-based method could be used in random tasks, the
data of all participants in three tasks were merged and randomised as an expanded
dataset. This dataset was for training LSTM-based models for random tasks (denoted
as ‘LSTMT’). To ensure the dataset properness, noise addition is used to enlarger
these datasets. Five groups of additive noises were added and enlarged the size of the
datasets into five times larger.

The effectiveness of the mentioned four models was verified using numerical analyses
and real-time verifications with the three participants involved in model training dataset
constructions of both methods. The numerical analysis consisted of the performance
analysis of reapplying decoder models in training phase and applying in offline model
testing phase. The offline testing data were collected together with the training data
and were grouped with five trials in each task per participant. In these phases, each
participant was asked to move his/her hand to track the yellow cursor on the screen
without the robot’s assistance. The robot provided zero assistance to the participants,
as the force feedback loop was open.

In both phases, the EMG signals were also processed as the input, and the trained
models were used to estimate the outputs. The estimated outputs were compared to
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the targeted output to assess the accuracy of the models. As noted earlier, during
the testing stage, the muscle activities did not respond to the tracking error through
human visual feedback.
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Fig. 6.3 The three tasks in space. Tri: A triangle-shaped task in the sagittal plane.
Squ: A square-shaped task in the transversal plane. Cir: A circle-shaped task in the
frontal plane. The red marker is the start point of all tasks.

In the real-time verifications, the three participants were instructed to hold the
end-effector by hand. Three models (LSTMS, LSTMT, and PCASS) were applied in the
EMG-based controller to realise the human-robot cooperation movements. Therefore,
the robot provided assistance based on EMG signals as the force feedback loop was
closed. During this phase, each participant could control the end-effector to track
the target cursor with robot assistance estimated by each model together with their
muscle contributions. They were asked to repeat five trials. The performance of
different models was assessed in a real-time feedback loop. In this loop, the human 3D
motion intent, estimated using the identified models, was reflected in the human visual
feedback in real-time to reduce the tracking error as indicated on the computer screen.
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6.2.4 Models for Force Estimation

6.2.4.1 Long Short-term Memory Network

Long short-term memory network is a type of RNN. It was proposed by Hochreiter
and Schmidhuber [160] and has been applied well in many aspects of biosignal related
filed, like posture classifications [162] and musculoskeletal force prediction [163]. The
strength of it locates in modelling temporal sequences and avoiding problems related
to long-term dependence.

Comparing to a standard RNN network, the LSTM network has a more complex cell
structure than a simple neural network. A standard LSTM unit is shown in Fig.6.2.(a).
Suppose the six muscle activations xt = (MA1t, MA2t, ..., MA6t) as the inputs and
denote inputs as x = (x1, x2, ..xt), where t is the time step, the hidden state h, and the
real outputs y = (y1, y2, ..yt) where yt = (F1t, F2t, F3t) can be computed by following
equations.

Three gate units (‘forget gate layer’, ‘input gate layer’ and ‘output gate layer’ )
grouped in a cell and were computed respectively. The ‘forget gate layer’ ft decides to
discard what information from the present input xt and the previous hidden state ht−1:

ft = σ(Wf · [ht−1, xt] + bf ). (6.1)

The ‘input gate layer’ it together with C̃t identifies what the information from the
present input xt and the previous hidden state ht−1 would be added to the present cell
state vector Ct:

it = σ(Wi · [ht−1, xt] + bi), (6.2)

C̃t = tanh(WC · [ht−1, xt] + bC), (6.3)

Ct = ft · Ct−1 + it · C̃t. (6.4)
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The ‘output gate layer’ ot decides what the information from the present input xt

and the previous hidden state ht−1 would be computed by

ot = σ(Wo · [ft, xt] + bo). (6.5)

The present hidden state ht is decided by both present cell state vector Ct and
output gate ot as follow:

ht = ot · tanh(Ct). (6.6)

The real output yt is computed by a fully-connected layer shown in Fig.6.2(b) as
follow:

yt = Wyht (6.7)

where σ(·) = 1
1+e−x is the standard logistic sigmoid function, and tanh(·) = ex−e−x

ex+e−x is
the hyperbolic tangent function, and Wi, WC and Wo are the input layer, hidden layer,
and output layer weight matrices, and bi, bC , bo are the bias matrices of these layers,
and Wy is the fully-connected layer weight matrix.

In this study, we treat the relationship between muscle activations and forces in
every time instance as a subsystem. In other words, a real-time process of estimating
forces in a tracking task is treated as a time-variant system. In this case, a total of
2000 LSTM networks at all time instances are training. All networks have the same
structure in layers, but their parameters have no relationships. The input of this
network is six channels EMG features, and the output is three channels forces. The
LSTM layer contains ten hidden units and the fully-connected layer with an input of
three and an output of three maps network internal parameters to three forces.

The subsystem parameters are trained by minimising the following loss functions.
The first one is to minimise the sum of square errors in each iteration:

ei =
n∑

i=1
( 1
m

m∑
j=1

(yi − pi)2), (6.8)

where pi = [F1i, F2i, F3i] is the real forces at ith iteration during training, and n is
the batch size. The second loss function is to ensure the sum of square errors during
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the whole task to balance the overall accuracy among all instance,

ea =
T∑

t=1
( 1
m

m∑
j=1

(yt − pt)2), (6.9)

where pt = [F1t, F2t, F3t] is the real forces at its instance t, and T = 2000. The
procedure to minimise these two functions is: a) calculate the errors of every time step
by Eq.6.8; b) calculate the errors of all instance by Eq.6.9; c) if the result of a) is not
minimised enough, update parameters at each time step. Else, check the results of b);
d) if the result of b) is not minimised enough, repeat a) and find which subsystem
has relatively low accuracy and repeat c). To minimise training error, the stochastic
gradient descent optimiser is applied for back propagation through time.

6.2.4.2 Switched State Space Model

One linear system method for decoding EMG signals that we proposed previously is
used and compared with the deep learning method. This method named the switched
state space models [129] is to identify a system in the state-space form. In this chapter,
a whole task is divided into four parts, and each part is treated as a subsystem, as
shown in Fig.6.2(c). Therefore, four linear six-inputs and three-outputs continuous
time-invariant model Eq.3.3 is applied to map the relationship between the muscle
activations and the voluntary motion forces. If taking the whole task as the entirety,
it can also be treated as a time-variant system which is similar to the LSTM-based
method.

There also needs a process of model training phase to identify the parameters of
the state-space model.

The state space model for a given task Ti can be established by identifying the
matrices {Ai, Bi, Ci}, and the initial state x0i

using a model training dataset. These
parameters are identified in the continuous-time domain using one of the subspace
model identification methods, the canonical variate analysis [115]. The stability of the
model is added as a compulsory condition during model identification. In this study,
to reduce transient behaviour due to switching, the initial value x0i

for each subsystem
Ti is adjusted within the range identified in the training phase. This adjustment can
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reduce the discontinuity of the output during switching so as to improve the transient
switching dynamics.

6.2.4.3 PCA-based State Space Model

To make a comparison with other approaches, we have applied the dimension reduction
method of Panagiotis K. Artemiadis et al. [109] for the development of EMG decoder
models in our study shown in Fig.6.2(d). This method is also based on the state
space model identification. A PCA redundancy reduction is applied to the inputs
(six-channel EMG signals) and the outputs (three-channel forces). The reduction is
decided by reconstruction accuracy, which required as 95%. In this chapter, at least
four components are needed to reconstruct the EMG, and at least two components
are required for reconstructing the forces from the PCA analysis. By using the state-
space modelling approach, we establish a second-order (i.e., with two hidden states),
four-input two-output model. This method treats the whole task as a time-invariant
system and focusing on learning the main contribution parts.

6.2.5 Performance Assessment and Statistical Analysis

To evaluate the performance of the mentioned four models (‘LSTMS’, ‘LSTMT’,
‘MMSS’, ‘PCASS’), the model fitness, the trajectory tracking error, and the muscle
activations were calculated, analysed, and compared.

6.2.5.1 Model Fitness

The target outputs from the joint positions and estimated outputs from the models
with the same inputs can be calculated.

The MFE is defined as the gap between the target outputs and estimated outputs.
To evaluate the model accuracy, the RMS value of MFE was calculated as Eq.3.4.

Furthermore, the PCC between the targeted and estimated outputs was also
calculated according to [117].
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6.2.5.2 Trajectory Tracking Results in Online Testing

The desired preset trajectory of the task and the actual trajectories completed by
participants were drawn as secondary results for the analysis of the overall performance.

6.2.5.3 Muscle Activation

The muscle activations of the six selected muscles of one subject who was supported
by robots in finishing the three kinds of tasks were drawn to show their differences.

6.2.5.4 Statistical Analysis

To visually show the performance differences among different models in training,
offline testing, and online testing phases, the mean and SD values of these evaluation
parameters were calculated for all seven participants.

To analyse the influence of different models in model fitting accuracy, the difference
of the MFE and PCC was evaluated using the Kruskal-Wallis nonparametric test with
pairwise multiple comparisons. The significance level of all statistical tests was 0.05. In
the online testing phase, only the model that can support all participants to complete
the task was compared. Statistical work was performed using SPSS 19.0 (SPSS Inc.,
USA).

6.3 Results

The full results of the nonparametric tests of MFE and PCC that conducted on the
training, offline testing, and online testing performance to compare the four models,
are listed in Table.6.1, Table.6.2, and Table.6.3.
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Table 6.1 The MFE and PCC values of the LSTMS, LSTMT, MMSS and PCASS
models, and their differences in training, offline testing, and online testing of the
triangle shape task.

Phase Output MFE (Mean±S.D., N) SignificanceLSTMS LSTMT MMSS PCASS

Training
O1 0.82±0.38 1.31±0.43 0.91±0.46 1.50±0.67 a,c
O2 0.86±0.66 1.25±0.58 0.63±0.29 2.53±1.42 a,c,d,e,f
O3 1.04±0.77 2.11±0.58 0.71±0.39 2.88±1.85 a,c,d,f

Offline
O1 0.86±0.35 1.37±0.41 0.93±0.35 1.59±0.44 a,c,d
O2 0.94±0.74 1.31±0.60 0.63±0.23 2.71±1.17 c,d,f
O3 1.21±0.85 2.19±0.62 0.72±0.23 2.81±1.29 a,c,d,f

Online
O1 1.95±0.40 2.05±0.82 3.07±0.54 c,e
O2 2.28±1.20 1.92±0.72 1.56±0.67
O3 3.06±1.11 1.99±0.82 3.75±0.98 a,e

Phase Output PCC (Mean±S.D.) SignificanceLSTMS LSTMT MMSS PCASS

Training
O1 0.90±0.10 0.29±0.36 0.86±0.10 0.23±0.45 a,c,d,f
O2 0.89±0.12 0.61±0.23 0.90±0.08 0.24±0.29 a,c,d,e,f
O3 0.85±0.15 0.78±0.15 0.80±0.22 0.40±0.33 a,c,d,f

Offline
O1 0.89±0.10 0.28±0.39 0.84±0.09 0.29±0.40 a,c,d,f
O2 0.85±0.16 0.52±0.28 0.90±0.06 0.15±0.35 a,c,d,f
O3 0.77±0.24 0.74±0.25 0.86±0.14 0.40±0.33 c,e,f

Online
O1 0.73±0.14 0.07±0.48 0.27±0.45 a,c
O2 0.81±0.11 0.43±0.22 0.22±0.34 a,c,e
O3 0.80±0.12 0.77±0.17 -0.35±0.24 c,e

Note: Significant differences between these models are represented by the following alphabets.
a: LSTMS-LSTMT, b: LSTMS-MMSS, c: LSTMS-PCASS, d: LSTMT-MMSS, e: LSTMT-
PCASS, f: MMSS-PCASS.
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Table 6.2 The MFE and PCC values of the LSTMS, LSTMT, MMSS and PCASS
models, and their differences in training, offline testing, and online testing of the square
shape task.

Phase Output MFE (Mean±S.D., N) SignificanceLSTMS LSTMT MMSS PCASS

Training
O1 0.68±0.29 1.53±0.80 1.12±1.03 1.66±0.48 a,c,f
O2 1.37±0.70 1.57±0.62 3.48±2.73 6.09±6.37 a,b,c,e
O3 1.17±0.62 1.71±0.56 1.63±1.14 4.81±4.02 a,c,e,f

Offline
O1 0.68±0.28 1.60±0.91 1.05±0.88 1.49±0.56 a,c
O2 1.43±0.65 1.59±0.74 3.18±2.80 5.69±5.77 c,e
O3 1.17±0.60 1.70±0.50 1.46±0.94 4.49±3.63 a,c

Online
O1 1.76±0.53 2.95±1.64 3.26±0.65 c
O2 3.27±1.02 3.53±1.38 9.85±4.60 c,e
O3 1.95±1.15 4.15±1.30 11.92±8.31 a,c

Phase Output PCC (Mean±S.D.) SignificanceLSTMS LSTMT MMSS PCASS

Training
O1 0.92±0.09 0.82±0.11 0.79±0.25 -0.06±0.28 a,c,e,f
O2 0.81±0.15 0.69±0.25 0.29±0.48 0.16±0.23 a,b,c,d,e
O3 0.73±0.28 0.63±0.37 0.45±0.44 0.03±0.26 a,c,e

Offline
O1 0.93±0.06 0.83±0.11 0.78±0.29 0.13±0.29 a,c,d,f
O2 0.76±0.19 0.64±0.34 0.35±0.53 0.24±0.20 c,e
O3 0.70±0.28 0.58±0.34 0.58±0.28 0.12±0.23 c,e

Online
O1 0.80±0.13 0.27±0.37 0.23±0.47 a,c
O2 0.03±0.32 -0.04±0.36 -0.04±0.28
O3 0.43±0.35 -0.23±0.39 0.17±0.12 a,c,e

Note: Significant differences between these models are represented by the following alphabets.
a: LSTMS-LSTMT, b: LSTMS-MMSS, c: LSTMS-PCASS, d: LSTMT-MMSS, e: LSTMT-
PCASS, f: MMSS-PCASS.
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Table 6.3 The MFE and PCC values of the LSTMS, LSTMT, MMSS and PCASS
models, and their differences in training, offline testing, and online testing of the circle
shape task.

Phase Output MFE (Mean±S.D., N) SignificanceLSTMS LSTMT MMSS PCASS

Training
O1 1.22±0.82 2.14±0.88 1.60±0.89 1.82±0.90 a,c
O2 1.06±0.71 1.72±0.89 1.42±0.62 3.50±1.60 a,b,c,f
O3 0.62±0.37 2.49±1.55 0.99±0.42 3.17±1.32 a,b,c,d,f

Offline
O1 1.07±0.57 1.65±0.74 2.52±1.26 2.15±0.72 a,b,c
O2 1.00±0.49 1.39±0.82 2.05±0.74 3.64±1.52 b,c,d,e
O3 0.68±0.27 2.11±1.53 1.24±0.34 3.04±1.10 a,b,c

Online
O1 2.12±0.94 3.00±1.74 5.27±1.85 c,e
O2 2.07±0.94 3.09±1.67 6.05±2.17 c,e
O3 1.11±0.55 3.54±1.61 8.66±3.09 a,c,e

Phase Output PCC (Mean±S.D.) SignificanceLSTMS LSTMT MMSS PCASS

Training
O1 0.91±0.18 0.53±0.30 0.85±0.10 0.04±0.44 a,b,c,d,e,f
O2 0.92±0.09 0.52±0.33 0.76±0.18 0.16±0.25 a,b,c,d,e,f
O3 0.95±0.11 0.84±0.26 0.94±0.04 0.16±0.38 a,b,c,e,f

Offline
O1 0.94±0.09 0.54±0.30 0.78±0.09 -0.02±0.32 a,b,c,f
O2 0.89±0.07 0.67±0.26 0.62±0.20 0.03±0.30 a,b,c,e
O3 0.96±0.07 0.87±0.16 0.90±0.05 0.16±0.32 a,b,c,e

Online
O1 0.84±0.23 -0.22±0.29 -0.74±0.14 a,c,e
O2 0.78±0.11 -0.05±0.46 -0.76±0.19 a,c,e
O3 0.96±0.04 0.80±0.10 -0.92±0.08 a,c,e

Note: Significant differences between these models are represented by the following alphabets.
a: LSTMS-LSTMT, b: LSTMS-MMSS, c: LSTMS-PCASS, d: LSTMT-MMSS, e: LSTMT-
PCASS, f: MMSS-PCASS.
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6.3.1 Offline Testing Results

As shown in Table.6.1 that contains the results of the triangle task, the smallest RMSE
and closest PCC would be found either in LSTMS or MMSS, while both LSTMT and
PCASS show relative worse performance in both evaluation parameters.

As shown from the results of a square shape task in Table.6.2, the best model is
the LSTMS with notable advantages in both RMSE and PCC. The performance of
LSTMT is the best of the rest three models but not that significant.

The results of the circle task as shown in Table.6.3 reveal that LSTMS is the best
model for this task, while PCASS is the worst one. The difference between MMSS and
LSTMT are not significant in most outputs.

6.3.2 Online Testing Results

The muscle activations of one participant with three different models and three tasks
in the online testing phase are shown in Fig.6.4, Fig.6.5, Fig.6.6. When we look at
one task, it is clear that there are differences, but the overall trend of each muscle in
time-domain is similar even with different assistance from different models. In contrast,
when looking at the same models, the trends of different tasks are notably different
from each other.
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Fig. 6.4 Muscle activities during an online verification movement with robot assistance
decoded by LSTMS.

The tracking trajectories of online experiments where one participant completed
three tasks with robot assistance estimated by different models are shown in Fig.6.7,
Fig.6.8, Fig.6.9. It is clear that the completeness of the circle task is the best among
the three tasks, and there is no difference among the three models in this task. There
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Fig. 6.5 Muscle activities during an online verification movement with robot assistance
decoded by LSTMT.
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Fig. 6.6 Muscle activities during an online verification movement with robot assistance
decoded by PCASS.

are only slight differences among the three models, no matter in triangle and square
tasks. Nevertheless, the tracking error in the third dimension is significantly larger
than in the two main dimensions of all three tasks. However, it should be pointed out
that the results of tracking accuracy are only used to display how successful healthy
people deal with different assistance in the same task.

The results of model fitness in online experiments are all listed in Table.6.1, Table.6.2,
Table.6.3. Among all three tasks, the values of RMSE of different models show the
following order: LSTMS < LSTMT < PCASS. In contrast, the order of values of
PCC is LSTMS > LSTMT > PCASS. As a result, LSTMS is the best model in
online experiments.

When comparing the results of different tasks, the PCC values of square tasks in
both LSTMS and LSTMT are lower than that of the other two tasks. The difference
for PCASS is that the lowest PCC values of this model locate in circle tasks. The
values even mean there are negative relationships between estimated forces and target
forces.
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Fig. 6.9 Circle task trajectories with the three decoders (LSTMS, LSTMS, PCASS).

A difference between the performance of LSTMS and LSTMT is that LSTMS mostly
shows balanced performance in all three outputs, while LSTMT can well estimate only
one or two outputs.

Finally, although we have not applied the MMSS in the online testing, the results of
its real-time verification can be found in our previous study [129]. The previous results
showed a significant drop was found between the results of offline and online testing,
but it would still have general performance. With the good performance of MMSS in
most of the tasks during offline testing, we would able to discuss the differences among
the four models in the next part.

6.4 Discussions

In this chapter, an LSTM-based method for building an EMG decoder model is
proposed and applied in an EMG controlled robotic system with online testing. The
performance of two models based on this method was validated and compared to two
linear system based decoder models. From the mentioned results in offline testing,
the LSTM-based model for a single task has the highest model fitting accuracy and
estimation correlation. In contrast, the switched state space model and the LSTM-
based model for multiple tasks show slightly worse performance in one or more tasks.
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Based on the results of three models in online testing, only the LSTM-based model for
a single task keeps a balanced high accuracy and correlation in all three outputs of
most tasks. However, from the figures of muscle activations shown in Fig.6.4, Fig.6.5,
and Fig.6.6, and tracking trajectories shown in Fig.6.7, Fig.6.8, and Fig.6.9 of online
testing, we can only find a subtle difference among the three models. To understand the
results, we shall never underestimate the healthy subject’s power. Although they were
not told about models’ differences, these subjects could feel the assistance difference
provided by the robot. As reported orally, some assistance supported their movements
in tracking while some were no use. Nevertheless, subjects were all able to handle the
assistance and controlled the end-effector to complete the tasks as their best. That
is to say, it is the healthy muscle function that enables them to complete the task
with models that have worse performance. In a nutshell, for clinical application in
the future, an EMG decoder model that is precise and accurate in online testing is a
fundamental and vital requirement.

EMG signals are superpositions of Motor Unit Action Potentials (MUAPs). Char-
acteristics of EMG signals are impacted by the number of recruited motor units and
the firing rate of the MUAPs. To map the complicated relationship between forces
for motion and EMG signals is a challenging task, especially in different tasks and
different subjects. It is not a posture classification research that needs specific fea-
tures to be extracted for strong relationships to be found among features and outputs
[164, 165]. Motion forces need to be estimated and applied to subjects by robots
simultaneously when the EMG signals are collected in every collection interval. In this
study, the LSTM-based method, which does not require any secondary characteristic
extraction method in time and frequency domain, is different from many related works
[166, 91, 83]. The main motivation of this method is to take the relationship between
muscle activities and motion forces during a tracking task as a time-varying process.
In every time interval of the process, a subject receives the visual stimulation and
consciously focuses on narrowing the gap between their hand and the target. We cut
off the process into 2000 pieces, which we called subsystems. To build up a model for
each subsystem is to identify how the subject’s MUAPs are firing and how many motor
units are recruited with the same target stimulation. By connecting all subsystems
and controlling the overall performance, the whole process shows the potential in
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estimating motion forces, which are the terminal outputs of the neural-muscle system
during movements. It should be pointed out that, although the idea of the method
seems simple and its results are good as expected, the cost of it is the overly complex
structure and complicated model parameters.

Comparing the results of different models, we proposed two ideas for applying
these methods in a rehabilitation process and fulfilling different requirements. Firstly,
the apparent advantages of LSTM-based method are nonnegligible. Its extremely
high accuracy and trend prediction in both offline and online tests should be valued.
Nevertheless, the cost of training an LSTMS/LSTMT model is tremendous. A similar
situation is also reported in research about a nonlinear method of building an EMG
decoder to control prosthetic devices and the difference between linear and nonlinear
approaches [88]. Cumbersome parameters and lengthy data for build up a large enough
database are necessary for deep learning methods. The complex training process and
waiting time are indispensable parts of the method. However, strict requirements
for the completion of the task always lead to muscle fatigue in healthy people and
further challenge its clinical application with patients. From the results of MMSS,
we can see that this kind of method which is based on linear systems can achieve a
certain accuracy in most complex tasks in the offline testing phase, and maintain a
certain degree of accuracy in the online test [129]. It is evident that it is not as good
as the LSTM-based method in task universality and robustness. However, the linear
system-based method has much lower data volume requirements, modelling complexity,
and physical strength requirements than the deep learning-based method.

When comparing these two kinds of methods, it is not difficult to find that the
difference between them can cope with the needs in two directions of the rehabilitation
training process. In the early stage of robot-assisted rehabilitation, it is impossible
to obtain enough data, especially when the number of subjects is limited. Collect
the data of the current subject directly, use a linear system method to establish an
individual model that is only applicable to the subject, and support the subject with a
certain degree of appropriate assistance. This is an excellent solution to assist subjects
in regaining their motion abilities. Only until sufficient data are available from a broad
range of subjects, the deep learning-based method can be used to build a universal
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model suitable for most people and most tasks. The universal model might be useful
to fulfil the subject’s demand for regaining their motion ability.

In this article, we have no intention to compare the advantages and disadvantages
of different methods or decide which is the only way we should use. We tend to
explore the applicability and value of different methods in building an EMG decoder to
control a robot for rehabilitation purposes. Even nowadays, when learning and big data
analysis are so prevalent, we should still pay attention to the excellent contribution
that linear systems can make and give full play to their advantages. In this chapter,
the PCASS method does not exert its effectiveness in these tasks, but this does not
mean the method is not useful. We have tried to apply it in linear tracking tasks, and
well performance has been obtained. Similarly, the LSTMT model we built in this
chapter does not achieve its function well. Its unbalanced output accuracy may lead to
excessive multi-directional force differences in the assistance, which in turn damages
the subject. Therefore, it is not applicable to reality at present, but we still regard it
as a potential development in the future. On the basis of larger datasets and more
sophisticated model design and training, one model that can correctly identify the
needs of different subjects in different tasks may be built. More works on testing the
time-invariant LSTM-based model in the properness of the dataset size and model
overfitting risk are planned. In conclusion, through this chapter, we hope to explore
the application of linear system methods and deep learning methods in EMG signals
so that different needs can be met and the application value of different methods can
be tapped.

6.5 Conclusion

An LSTM-based EMG decoder modelling method was proposed, and its performance
was validated by both offline testing and online testing to control an EMG-based
rehabilitation robot. Two LSTM-based models were built for decoding EMG signals
in a single task and multiple tasks. The model fitness performances of the LSTM-
based models were compared to the linear system based models which are a switched
state space model and a PCA-based state space model. The LSTM-based model
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for a single task outperformed the other three models in both testing phases. The
relatively high performance of the switched state space model in the offline testing
phase shows its ability in identifying motion intention from EMG signals of individuals.
The performance of the LSTM-based model for multiple tasks shows its potential in
some outputs and some tasks. Future works would be focusing on how to balance the
database size and EMG decoder model selections in different periods of rehabilitation
with robot assistance. Furthermore, more forward-looking evidence points to improve
the usability of the LSTM-based model for multiple tasks which aims to investigate
the EMG decoding insight in various muscle activities thoroughly.



Chapter 7

The Effect of Assistance from an
EMG-based Control Robot on
Upper Limb Muscle Synergies

7.1 Introduction

Some studies have found that motor commands from the neural system are generated
by combining some synergies which represent the activation levels of a group of muscles
[167]. This combination allows for the coordinated recruitment of different muscles
with specific relative amplitude balances. A common consequence of stroke is the
incoordination of motion, which has been clinically characterised as ’abnormal muscle
synergies’. This incoordination would appear to be a relatively tight coupling of motion
at adjacent joints, due to the co-activation of muscles. The occurrence of covariation
in various coupled joints tend, termed as the kinematic synergies, may also result from
muscle synergies [168].

Surface EMG signals can respond to users’ intentions and have been used for
prostheses and rehabilitation robot control [169, 101]. With the growing demand
for the application of EMG-based rehabilitation robot control, many researchers
have been committed to transforming EMG-based control into clinical and industrial
applications [170]. However, since rehabilitation robot control and human-robot



136
The Effect of Assistance from an EMG-based Control Robot on Upper Limb Muscle

Synergies

interface applications both require reliable simultaneous control of multiple DoFs robot
movements through EMG signals, EMG-based control has been difficult in industrial
applications [81]. In the research on real-time EMG-based prosthesis control, the
simultaneous pattern recognition controller in tasks with 2 DoFs has significantly
enhanced performance [171]. For achieving simultaneous EMG-based control, it is first
necessary to identify complex interactions between a group of motion recruited muscles,
which is also commonly referred to as the identification and analysis of ‘muscle synergy’
[47].

Muscle synergy is regarded as a combination of neurophysiological entities and
coordinated by the motor cortex area and the afferent system [172]. It is also evidently
considered as the low-level discrete elements for the simplification of motor control.
The analysis of muscle synergy contributes to learning the nature of motor control
and motor learning. Muscle synergy is capable of describing the activation pattern
of a group of co-activated muscles during specific tasks. The pattern is specified by a
vector containing muscles and their relative activations to each other. It is assumed by
studies [173, 174] that each synergy’s activation vector is modulated by a single neural
command signal from the CNS. A group of muscles related to specific movements
would be recruited within one synergy, while different synergies for the same and
different movements may contain the same muscle. Therefore, muscle synergies are
considered to be used for predicting human arm static postures and movements with
multiple DoFs [175]. Using linearly combined muscle synergies to describe motion
for motor control problems means that fewer dimensions are needed than those using
all muscles’ amplitude [176]. Specific to the EMG-based control, muscle synergy is
performed by the user as a high-level control input without care of any nervous system
source[175]. However, due to the inter-user and intra-user characteristic differences
[177] and nonlinearity [110] with the EMG signals, the existing analysis of muscle
synergy on robot control problems are quite different. The control schemes proposed
based on these analyses are difficult to provide reliable control systems robustly.

Ajiboyel et al. [178] used the Non-negative Matrix Factorisation (NMF) algorithm
to extract muscle synergies among a group of eight muscles. The training dataset
contains these muscles’ activity recordings during 33 static postures. These extracted
synergies are reported can predict muscles’ activities during 20 new static postures.
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Jiang et al. [179] proposed a simultaneous and proportional EMG-based control for
wrist movements with two DoFs. This approach NMF to extract control signals (i.e.,
muscle synergies) with few dimensions from muscle activations of some forearm muscles.
Dipietro et al. [180] found that there are significant differences in muscle activation
patterns among different reach-to-grasp strategies. The neural command signals from
human CNS modulate different muscle activation patterns to both controlling reach-
to-grasp movements to different positions and deal with various objects. Berger et al.
[181] found that within the three control methods based on force signals, EMG signals,
and muscle synergies, there is no difference between the errors of the initial movement
direction and the endpoint. This may indicate that muscle synergy for robot control
may be an effective strategy.

The analysis based on muscle synergy may reveal the underlying mechanism of the
strategy of the nervous system on motor control. The main purpose of this chapter is
to explore whether the robot control method based on EMG will affect the nervous
system by coordinating the muscles during arm movements in 3D space. The muscle
activities are recorded from six upper arm muscles when subjects are performing a
tracking task with different assistance conditions. The natural completion means
performing tasks without any assistance, and the robot-assisted completion means
performing tasks with assistance from a cable-based rehabilitation robot. The provided
assistance is estimated from the recorded EMG signals and applied to subjects by a
human-robot cooperation strategy. This chapter aims to investigate the possibility
of describing a multi-joint multi-directional tracking task for human arms through
a linear combination of six upper arm muscle activation patterns. We hypothesised
that the results might prove the existence of a modular neural control mechanism for
revealing how the CNS controls the movement of the human arm with assistance or
not.

The rest of this chapter is organised as follows: In Section 7.2, the system architec-
ture, experiment settings, EMG signal collections and procession, and muscle synergy
extraction method are introduced and analysed. Section 7.3 gives the results. Section
7.4 discusses and concludes this chapter.
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7.2 Method

The platform was used to provide assistance to participants, as shown in Fig.7.1, and
its details are described in Section.2.4.

Fig. 7.1 The architecture of the cable-based rehabilitation robot in muscle synergy
analysis regarding robot assistance effects.

7.2.1 EMG Signals Collection and Processing

An EMG-based control scheme is proposed to estimate the movement-needed force
based on the EMG signals and to assist participants in finishing the tasks [128]. The
scheme consists of EMG signal processing and EMG-based human-robot cooperation
control strategy.

• EMG signal collection. Based on biomechanics literature [116], a group of six
muscles, which mainly contribute to upper limb movements, are recorded by the
data acquisition system of the robot from participants: BIC, TRI, DA, DM, DP,
and BIC. The paired surface EMG electrodes are used for recording one muscle’s
activities. The electrodes regarding the six muscles are placed on the specific
skin surface of participants following the instructions in [116]. The reference
electrodes are placed on the skin surface of the bones area around the joints.
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• EMG signal processing. The raw EMG signals are amplified to 5000 times
and filtered by a 4th-order Bandpass Butterworth filter (10 − 400 Hz). Each
muscle’s MVC of each participant is tested to be used as the baseline of EMG
normalisation. The envelope of each muscle during the MVC test is regarded
as the maximal muscle activation. The envelopes of muscle activities during
arm movements can be normalised within 0 to 1 relative to the maximal muscle
activation. The normalised muscle activity envelopes will be used as a data basis
for synergies extraction.

• EMG-to-activation model.For obtaining muscle activations from the processed
EMG signals in real-time, an EMG-to-activation model is built based on a model
between processed EMG signals and neural activations [111] and a model between
the neural activations and the muscle activations [113]. To map muscle activations
to the movement-needed force of the upper limb joints in real-time, the EMG
decoder model is built based on a three order state space model [128]. The EMG
decoder model is embedded in a human-robot cooperation robot control strategy,
which can support participants to finish experiments with estimated assistance
from the robot.

7.2.2 Muscle Synergy Analysis

Muscle synergy is defined by a vector of relative muscle activation levels among a
group of muscles, which is calculated based on the full-wave rectified and normalised
EMG envelope curves. For extracting synergies and their activation coefficients from
the normalised EMG envelope curves, the NMF algorithm is commonly used. NMF
assumes that a muscle activation pattern consists of some muscles during a period is
composed of a linear combination of groups of muscle synergies, and these synergies
are recruited by a group of coefficients [182]. A muscle synergy represents the relative
contributions of the involved muscles in a pattern. In different muscle synergies, the
same muscle has different levels of relative contribution.

Under the non-negative constraint condition, the objective function is alternately
optimised to find the local optimal solution of the NMF problem [183]. Since the
muscle synergy is defined as the relative activation degree of different muscles, each
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synergy is considered to be positive. Therefore, the non-negative constraints of BNMF
are confirmed and used here. The muscle activation pattern can be regarded as a
matrix M :

Mj(t) =
N∑

i=1
hij · wi(t) + ϵj(t), (7.1)

where Mj is the j-th (j ∈ (1, 6) normalised EMG envelope, hij is the time-independent
weight of j-th muscle in i-th muscle synergy, wi(t) is the time-varying basic activation
patterns vector for showing the amplitude and duration time of the i-th synergy, N is
the number of synergies, and ϵj(t) is the error matrix of j-th muscle in time series.

The detailed extraction of muscle synergy by BNMF is described in the following
sections.

7.2.2.1 Construct an Envelope Matrix

The six normalised muscle envelopes (BR, BIC, TRI, DA, DM and DP) which are
recorded during participants finishing tasks with and without robot assistance, are
arranged in sequence to form an envelope matrix M .

7.2.2.2 BNMF Decomposition

For each synergy, the hj and wj matrices are randomly initialised. In the process of
alternation optimisation, the method proposed by Paatero [184] is used to alternately
update the matrix H and W , respectively, with a squared error as the objective function.
After step by step reconstruction, the matrices can be updated by minimising the
residual error Er between the initial envelope matrix M and the reconstructed envelop
matrix MRe. The reconstructed envelop matrix is calculated by multiplying the final
updated H and W . The termination condition is set by limiting the iteration as 10000
for sufficiently minimise the errors.

7.2.2.3 Quantity of Muscle Synergies

The number of synergies (i.e., N) is determined with the range from 1 to n − 1 (here it
is from 1 to 5). To evaluate the extracted muscle synergies’ quality and to determine
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the quantity, one commonly used measure is the Variance Accounted For (VAF) metric
[185] calculated by Eq.7.2.

V AF = 1 −

∑
ij

(M − MRe)2
ij∑

ij
M2

ij

(7.2)

where MRe is the reconstructed EMG envelops from the final updated H and W , and
M is the initial envelope matrix.

The VAF metric is capable of quantifying how much EMG signal variability can
be explained by the extracted muscle synergies [186]. A high VAF value indicates
a correct reconstruction of the EMG envelopes with enough variability, while a low
VAF value suggests that the synergies do not explain most EMG variance [187]. The
number of synergies can be chosen as the least number of synergies that could account
for greater than 95% of the overall VAF. The threshold setting is the same as the
previous study used for assessing upper limb motor dysfunction [188].

In this step, the number of muscle synergies, i.e., the N -value determination
conditions is set as: 1) record the N if the average VAF value of each group is over
90% in each muscle; 2) record the N if the sum of the error matrix ϵ(t) among each
group is less than 0.05; by comparing N value from these two conditions and finding
the greater one as the number of muscle synergies.

7.2.2.4 Similarity of Muscle Synergies

To examine the similarity of muscle synergies under different conditions, the relationship
of extracted muscle synergies was measured by calculating the PCC). For the same
participant executing the task under each condition, the relationship between obtained
synergies during repeated experiments was tested to confirm what synergies are recruited
individually. For different participants, the relationship between several extracted
synergies was tested under the same condition to confirm the similarities and differences
under this condition. Similarly, the comparison among all extracted muscle synergies
under different conditions is to determine the similarities and differences under different
conditions. Two muscle synergies from different participants during the same condition,
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which can seem like the same one, should have their correlation PCC > 85%. Two
muscle synergies from different conditions, which can seem like the same one, should
have their correlation PCC > 90%.

7.2.3 Experiment

7.2.3.1 Data Processing

Three infrared reflection markers are attached to the skin surface of the centre of the
shoulder, the elbow, and the wrist. The EMG signals and position signals are recorded
simultaneously.

7.2.3.2 Participants

Twelve healthy participants (six women and six men, mean age 24.75 ± 0.92 yrs) with
no experience with this robot were invited to join this study after providing written
informed consent. All participants were able to lift their upper limbs with right-handed
and declared that they have no health issue. All participants provided their informed
consent before participating in this study. The human ethics committee approved all
experimental procedures at Sun Yat-sen University.

7.2.3.3 Procedure

Participants were seated at a chair and were softly tied to decrease extra compensation
from the trunk. Each participant went through three rounds of tracking the moving
marker shown on the screen. The marker moves in a square trajectory for a total of
20 seconds (each rectilinear movement moves for 5 seconds). During the first round,
which was the modelling round, the robot offered no assistance to participants. The
muscle activations and motion-needed forces calculated by the arm dynamic model
were used to identify the parameters of the state space model after this round. During
the second round, participants were asked to finish tracking movements naturally
without the robot. For the third round, participants were assisted by the robot with
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the EMG-based control. Every round required the participant to execute six trials
consecutively.

7.2.4 Envelop Evaluation and Statistical Analysis

To evaluate the performance of the two groups, EMG envelop analysis for the task
and mean muscle activations during the natural and robot-assisted movements are
calculated and compared.

EMG envelops for four rectilinear movements of the task are analysed for each
participant. Furthermore, the mean muscle activations of the six muscles are used to
evaluate the muscular effort during the four rectilinear movements in both groups.

The similarity and difference between the two conditions are evaluated by correlation
analysis to analyse whether the assistance from the EMG-based controlled robot affects
the neural control mechanism on the same arm tracking task. The comparisons of
EMG envelop of each muscle between two conditions are analysed by the pair-T test
with consideration of the individual difference of EMG signals. A significance level of
0.05 is set for all statistical tests. The statistical work is conducted with SPSS 19.0
(SPSS Inc., USA).

7.3 Result

7.3.1 Muscle Excitation Level

The EMG activities of natural and robot-assisted movements during the whole task in
all six muscles are shown in Fig.7.2. The EMG envelops’ waveforms of this task show
similar increasing tendency like other horizontal arm movements in previous studies
[189]. The amplitudes of the BIC and BR activities are higher in natural movements
than that in robot-assisted movements in this example. For other muscles, no significant
difference between the two movements is found. Among the four stages, the activities
of all six muscles shown different trends, but there is no significant difference among
the averages of the activity in all stages during both movements shown in Fig.7.3.
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Fig. 7.2 Muscle activity for six muscles from left to right during different stages of the
whole task. The red and blue represent the modelling and verifying phase, respectively.
The activities of the two phases were superimposed by each other.

7.3.2 Quantity of Muscle Synergy

According to the definition of synergistic quantity, eleven participants of the twelve
healthy participants had two muscle synergies, and one participant had three synergies
during the natural movements. Relatively, ten participants had two muscle synergies,
and two participants had three synergies during the robot-assisted movements.

7.3.3 Natural Movements

Among the muscle synergies extracted by all twelve participants, the muscle synergy
NSYN1 was found in six participants, the muscle synergy NSYN2 was found in five
participants, and the muscle synergy NSYN3 and NSYN4 were found in four partici-
pants. Six muscle synergies (NSYN5, NSYN6, NSYN7, NSYN8, NSYN9, NSYN10)
were unique. NSYN5 and NSYN7 were from one participant, and NSYN8 and NSYN9
were from one participant, and NSYN6 and NSYN10 were from two participants,
respectively. Therefore, NSYN1 was found to be the most common muscle synergy
during the natural arm tracking movements. The results are shown in Fig.7.4(1).
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Fig. 7.3 The average muscle excitation in different stages and movements.
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7.3.4 Movements with Robot Assistance

Among the twelve participants, the muscle synergy RSYN1 was found in eight par-
ticipants, the muscle synergies RSYN2 and RSYN3 were found in five participants,
the muscle synergies RSYN4, RSYN5, and RSYN6 were found in two participants.
The muscle synergies RSYN7, RSYN8, and RSYN9 were unique from three different
participants, respectively. Therefore, RSYN1 was found to be the most common muscle
synergy during the robot-assisted arm tracking movements. The results are shown in
Fig.7.4(2).

(1) Natural

NSYN1 NSYN2 NSYN3 NSYN4 NSYN5 NSYN6 NSYN7 NSYN8 NSYN9 NSYN10
Synergy

0

1

(2) Robot-assisted

RSYN1 RSYN2 RSYN3 RSYN4 RSYN5 RSYN6 RSYN7 RSYN8 RSYN9
Synergy

0

1

BR BIC TRI DA DM DP

Fig. 7.4 The muscle synergies of two conditions.

7.3.5 Common Muscle Synergy with/without Robot Assis-
tance

By comparing all calculated muscle synergy correlations, there were significant cor-
relations (PCC > 90%) found between five pairs of synergies from two conditions,
i.e., NSYN1-RSYN4, NSYN2-RSYN1, NSYN3-RSYN2, NSYN4-RSYN3, and NSYN8-
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RSYN5. Most of these muscle synergies were the common muscle synergies under
different assistance conditions, and details are shown in Table.7.1.

Table 7.1 PCC between natural and robot assisted conditions.

RSYN1 RSYN2 RSYN3 RSYN4 RSYN5
NSYN1 -18.38% -35.69% 1.47% 93.69% -26.65%
NSYN2 98.09% 20.90% -38.08% -29.20% -8.51%
NSYN3 -0.07% 91.98% -33.43% -19.84% 58.95%
NSYN4 -18.38% -25.96% 96.15% -13.98% -15.82%
NSYN8 34.51% 34.10% -27.96% -6.67% 90.35%

The five common synergies between two conditions are shown in Fig.7.5. By
observing the experimental results, movements with different conditions have similar
similarities in the relative activation of different muscles. The difference among these
common synergies mainly lies in the relative activation level of the primary muscle,
i.e., the DP of NSYN1(6)-RSYN4(2), the BIC of NSYN2(5)-RSYN1(8), the DA of
NSYN3(4)-RSYN2(5), the BR of NSYN4(4)-RSYN3(5), and the DM of NSYN8(1)-
RSYN5(2). The number in brackets is the number of participants who recruit this
synergy during the movements. Overall, DA, DP, and BIC, BR, the four major
contributors to upper extremity muscle activation based on the synergies.

7.4 Discussion

The human-robot cooperation control strategy based on EMG signals is realised based
on a state space modelled EMG decoder. The control strategy tried to simultaneously
control a cable-based upper limb rehabilitation robot to assist participants in finishing a
multi-joint multi-directional arm tracking task. The muscle synergies are analysed when
participants are finishing the square-shaped horizontal tracking task. Two assistance
conditions during the task are designed to validate whether robot assistance would
affect what muscle synergies as motor control indicators from the CNS to muscles
are recruited. The similarity synergies between natural and robot-assisted movements
show that the robot with the human-robot cooperation control strategy can assist
participants in their arm movements without affecting the contribution of major muscle
groups.
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Fig. 7.5 Common muscle synergies of the natural and robot-assisted movements.
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In addition to the same muscle synergy, there are still several muscle synergies
without significant similarity. The reasons for this may be: 1) Participants actually
recruit more muscles except for the recorded six muscles. The six upper limb muscles
selected in this chapter mainly cover the upper extremities and are mostly used to
control the movement of the elbow and some of the shoulder joints. The performance
of four muscles as major contributors are relatively consistent with the previous studies
(DA, DP in [189] and BR, BIC of elbow flexor synergy in [190]). However, in the
actual multi-directional movements, shoulder replacement exercise is common in the
control of the upper limbs. Therefore, more muscles mainly contribute to shoulder
movement but are not recruited in this study. The situation leads to the problem of
muscle synergy incompleteness; 2) The impact of the number and choice of muscles
on synergy analyses [191]. It may be related to whether participants have finished
the movements ideally as experimenters required. Different neurologic indicators can
instruct the same kinematic performance. 3) There are significant individual differences
in healthy participants due to personal muscle strength and muscle control during
exercise [177].

7.5 Conclusion

This chapter explores whether robot assistance from a cable-based robot with the
EMG-based human-robot cooperation control strategy influences the nervous system’s
motor control strategy. The analysis of muscle synergies for arm movements finished
naturally and with robot-assistance is completed to investigate the differences and
similarities. The results revealed that the same muscles provide the major muscular
contribution, and groups of the same synergies are recruited under both conditions.
It is indicated that the robot with the myoelectric control strategy could provide
physiologically appropriate assistance to the participant without affecting natural
instructions from the neural system. It may be predictable that this myoelectric control
strategy is capable of controlling a rehabilitation robot to provide proper assistance to
patients without influencing their own voluntary residual motor efforts in rehabilitation.
Clinical tests will be conducted to verify the feasibility of this EMG-based human-robot
cooperation control strategy.





Chapter 8

The Effects of Different Tracking
Tasks on Muscle Synergy through
Visual Feedback

8.1 Introduction

A typical hypothesis for movement generation is the existence of muscle synergy which
is recruiting a set of muscles in performing activities at different relative levels by
the CNS [192]. The muscle synergies during a task are combined by both shared and
task-specific synergies with the indication from the motor cortical areas and the afferent
systems [172]. The synergy theory facilitates in both motor control and motor learning
by contributing in exploration about how the motor system constructing a large set of
movements.

The muscle synergies as putative modules of muscle system are typically identified
and extracted from EMG signals by dimensionality reduction algorithms such as NMF
[193]. The purpose of any algorithms for the procedure is improving the accuracy of
the modular decompositions for reconstructing the EMG data. Most of the previous
researches try to explore what kinds of task-specific muscle synergies are indicated
during vast tasks and contribute to motion classification and motion analysis [194, 195].
The task complexity in [194, 195] is relatively singular (e.g. one direction rectilinear
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motion) because of the muscle synergies need to be extracted within a period of time.
Whether muscle synergies of a complex task can be extracted with high accuracy needs
to be explored. For active rehabilitation, when participants complete tasks through
virtual interactions, whether their efforts on improving task competition will affect the
neural system in controlling movements is unclear.

For these reasons, in this study, three complex tracking tasks together with visual
interaction are designed. The BNMF with an extra initial estimation is applied to
extract primary muscle synergies from grouping processed EMG recordings during
these tasks. The main purpose of this chapter is to identify the effects on muscle
synergy for these designed tasks. Both task variety (TV) and tracking accuracy (TA)
by visual feedback are considered for evaluating their effects by statistic analysis. The
results of this study indicate that only the TV affected the synergies adopted by the
neural system, but both TV and TA affected the durations and magnitudes of the
primary synergies.

8.2 Method

8.2.1 Experiment Design

Three target movements with different shapes (Triangle, Square and Circle) in different
dimensions are designed as shown in Fig.8.1. The target movements are coding into
a cursor’s moving trajectories. The target cursor moves in a two-dimensional surface
as displayed in a screen for providing a continuous visual stimulation. The actual
position of the wrist is also displayed as a cursor. Intuitively, when the participant
is executing a task, he receives two different visual effects. One is the target cursor’s
trajectory which is defined as the TV, and the other one is the gap between the target
and actual cursors which is defined as the TA by visual feedback. The TV has three
values corresponding to different tasks. The level of TA is processed later.

The start position of every task is the same. The length of the long side of the
isosceles triangle is 0.2m, and the short sides are

√
0.2m. The length of the square

sides is
√

0.2m. The radius of the circle is 0.1m. The duration time of every task is 20
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Fig. 8.1 The trajectories of three target tasks and actual tracking movements. Tri:
Triangle, Squ: Square, Cir: Circle.

seconds, and the cursor moves with constant velocity during each task. All three tasks
are required to finish three times as three trails.

8.2.2 Data Acquisition and Processing

One healthy female is recruited and signed the written informed consent form with
approvement from the Human Ethics Committee of Sun Yat-sen University. The raw
EMG signals are bandpass filtered (10 − 400 Hz), full-wave rectified, and Butterworth
low-pass filtered (20 Hz cutoff) into EMG envelops. The EMG envelops were down-
sampled for synchronising.

For accurately extracting the muscle synergies, the down-sampled EMG envelops
during every tracking task are separated into 40 samples. For each sample, there is
a total of 50 EMG envelop data points of each muscle for 0.5 seconds. Similarly, the
Average (AVG), SD and RMS values of TA in two main dimensions (D1, D2) during
each sample is calculated. For the level of TA during the whole task, the TA in D1, D2

and their square root (D12, i.e. the linear gap between two cursors) are grouped into 17
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levels with evenly spaced. Similarly, the level of TA of all envelop samples, the AVG,
STD and RMS of TA in D1, D2 are grouped.

8.2.3 Muscle Synergy Extraction

The muscle synergies during every EMG envelops sample are extracted by BNMF
algorithm from the EMG envelop samples as follows [47, 196] in Eq.7.1:

For choosing the minimum number of muscle synergies and selecting the most
precise synergies and their patterns, the root-mean-square residual (D) between the
original EMG envelopes and the reconstructed EMG envelopes (MRe = H × W ) is
used for evaluation. The value of D is required as smaller than 10−4 [47]. The VAF is
used to evaluate how accurate the algorithm is [195, 190]. The VAF is calculated as
Eq.7.2, and is required as larger than 99.95%.

During the synergy extraction, the residual and VAF values of the repeated multi-
plicative BNMF algorithm with random initial estimation show high variance. There-
fore, an initial estimation of synergies and their patterns are found by using the
multiplicative algorithm (Iiterations = 10, replicate = 10). With the initial estima-
tion, the alternating least squares algorithm can rapidly estimate synergies and their
patterns with better parameters’ performance without high variance [197].

The number of extracted synergies of a task is constrained by the mean values of
both D and VAF during all samples. The synergies of different samples are compared
by using PCC for similarity. Only those synergies with PCC values higher than 85%
are regarded the same. The mean values of the same synergies are defined as the
primary synergies.

8.2.4 Statistic Analysis

The effects of the TV values and the levels of AVG, SD and RMS of TA in two main
dimensions on the primary muscle synergies (H) are analysed by two-way ANOVA
statistic test in sample orders. Similarly, the effects of the TV values and the levels of
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TA in D1, D2 and D12 on the activation patterns of primary muscle synergies (W ) are
analysed by two-way ANOVA statistic test in time series.

8.3 Results and Discussion

8.3.1 BNMF with the Advanced Procedure

The results of D and V AF (Fig.8.2) showed that the advanced procedure of BNMF
for extracting muscle synergy could improve the estimation accuracy. Therefore, the
extraction standard can only be applied for selecting the synergy number after using
the BNMF with the initial estimation.
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Fig. 8.2 The root-mean-squared residual and VAF of BNMF without or with initial
estimation for extracting synergies.

8.3.2 Muscle Synergies and Patterns

The primary muscle synergies and their activation patterns during the first 5 seconds
of a trail of triangle task is shown in Fig.8.3 as an example. The number of muscle
synergies was nine of all 120 samples but only four synergies were extracted in each
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Fig. 8.3 Muscle synergies and basic activation patterns (W1-4).

example of this task. The first and second synergies were found in over 90 samples,
and the third and fourth were found in over 50 samples. The rest synergies were found
in no more than 20 samples. For the basic activation patterns, the four lines were for
the primary synergies of each sample. The results can be supported by Delis et al. in
task discrimination objectives by synergy difference [195].

8.3.3 Effects on Muscle Synergy

The effects of the TV and the TA by visual feedback on the primary muscle synergies
and their basic activation patterns are summarised in Table.8.1. In the Table.8.1, the
D1, D2, D12 are the TA in the two main dimensions and their square root, and the
AV G, SD and RMS are the average, standard deviation and root mean square of TA.

The TV highly affected primary muscle synergies. For the combined elbow synergies,
the AV G and RMS of TA levels in the D1 dimension also affected what kind of synergies
is indicated by the CNS system. Both the TV and TA in D1, D2 and D12 affected
the basic activation patterns of those primary muscle synergies. It indicated that no
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matter what primary synergies were indicated, the onset, offset and duration of the
most important synergies changed with different tasks and the varying gap between
actual and target positions [119].

Table 8.1 Effects of TV and TA on Muscle synergies (H) and patterns (W).

H TV D1 D2
AVG SD RMS AVG SD RMS

M1-6 < 0.05
ME < 0.05 0.05 < 0.05
MS 0.05
W TV D1 D2 D12 Effects Order
W1 < 0.001 < 0.001 < 0.001 < 0.001 TV < D2 < D1 < D12
W2 < 0.001 < 0.001 < 0.001 < 0.001 TV < D1 ≈ D2 < D12
W3 < 0.001 < 0.001 < 0.001 < 0.001 TV < D1 < D2 < D12

W4 * < 0.001 < 0.001 < 0.001 < 0.001 TV < D1 < D12 < D2
W5 * < 0.001 0.003 < 0.001 < 0.001 TV < D1 < D12 < D2

Note: ’*’ means the duration W is not full rank because the number of extracted synergies is from three to five.
M1 − 6 means the synergy of all six muscles. ME and MS are synergy values of the elbow muscles (BIC, TRI and

BR) and the shoulder muscles (DA, DM and DP).

8.4 Conclusions

This chapter attempts to demonstrate the effects of TV and the TA by visual feedback
on muscle synergy and their activation patterns. The statistic analysis showed that the
muscle synergies are highly related TV but their durations and activations are affected
by both TV and TA. For further study, the results may suggest that during early
rehabilitation for patients with neural system injury, it is essential to provide diversity
tasks for evacuating different synergies to be utilised, but during later rehabilitation,
the accuracy of visual tracking feedback should be advised to reach high accuracy
tracking motion for acquiring synergies similar to healthy people.





Chapter 9

Conclusions and Future Work

9.1 Conclusions

In this section, we first summarise the significance of the four proposed EMG decoders
and their contributions to robot-assisted rehabilitation. The contributions of the muscle
synergy analysis of the robot assistance effect and task effect are also summarised.
Finally, we conclude the dissertation. The main contributions of the four proposed
EMG decoders are as follows:

An EMG decoder named the switching decoder including a switching mechanism
together with LTI state space submodels is innovatively proposed to decode EMG signals
during complex arm movements. This decoder can investigate the relationship between
multiple EMG signals and multiple motion-needed forces without any dimension-
reduction techniques. With the switching mechanism, several simple submodels with
low order are capable of dealing with the system variation for complicated movements,
because the mechanism reduces the model complexity. The decoder with the direct
switching mechanism and submodels can predict the voluntary motion intention with
high accuracy from multiple-channel EMG signals. With the EMG decoder, a human-
robot cooperation control strategy is designed to control a cable-based upper limb
rehabilitation robot. The robot with the control strategy is able to help users to finish
multi-joint arm movements with lower muscle effort and higher task completion rates.
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A bumpless switching mechanism for ensuring the outputs’ continuity when switch-
ing among submodels is creatively proposed. With this bumpless switching mechanism,
an EMG decoder named the bumpless decoder is developed. Both the bumpless
switching mechanism and the direct switching mechanism carve up a complex task into
several simple subtasks which are treated by simple state-space models individually.
Both the bumpless decoder and the switching decoder have equal degrees of accuracy
in decoding EMG signals to motion needed forces because their submodels have high
efficacy. In contrast to the switching decoder, the bumpless decoder has significant
smoother estimation and a continuous hidden state when switching among submodels.
The bumpless switching mechanism is realised by constructing a multirealisation for
submodels with the same order, which is firstly proposed and applied in the rehabilita-
tion robot control field. This mechanism can be applied in a natural manner without
any kinematic or dynamic constraints. The bumpless decoder has the potential to be
applied in clinical robot-assisted rehabilitation because the robot assistance to patients
occurs smoothly without the safety risks caused by ‘bump’ behaviour.

Based on the bumpless switching mechanism, a general multirealisation is first
proposed to realise a general bumpless switching mechanism for submodels with different
orders. A novel order transformation method which aims to reform submodels into
a common order without affecting model accuracy is developed to form the general
multirealisation. A general decoder constructed by the general bumpless switching
mechanism and different-ordered submodels is applied and evaluated by robot-assisted
movements. Like the bumpless decoder, the general decoder can decode EMG signals
to motion needed forces smoothly and accurately. The difference between the two
decoders is the mechanisms and the submodels’ order. The general decoder is not
limited by order selection because the general multirealisation is realised by individually
giving the initial state of each submodel without considering its continuity. Having
investigated the effect of the initial state on the whole system, we see the proposed order
transformation method can both maintain the EMG decoder’s accuracy and allocate
the fittest initial state to every different-ordered submodel. This general decoder can
effectively decode the motion needed forces from the EMG signals with high accuracy
and smoothness, and it has a broader application in clinical rehabilitation.
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The three proposed decoders are all constructed by a switching mechanism and
several submodels based on the linear system method, i.e. the state space modelling
method. The submodels are only used to decode EMG signals in a specific stage of a
complex task for rehabilitation. These submodels can be trained easily and quickly
with limited training data while they are built up for each subject and each task.
Combined with a well-designed switching mechanism, the decoders perform very well
both on the model fitting error and the correlation coefficient. The bumpless decoder
and general decoder diminish ’bump’ behaviour during submodel switching, while also
having a range of scope in clinical rehabilitation.

An LSTM-based EMG decoder modelling method is creatively proposed to deal with
modelling problems related to subject-dependent EMG characteristics. The method
is motivated by the requirement of real-time robot control in rehabilitation and the
function of the LSTM network and time-variant system. The LSTM-based method can
be used to build a decoder with good estimation performance for a single task, which
means the decoder is subject-independent as designed. After using the method to
decode EMG signals in multiple tasks, the decoder performed well in estimation during
offline testing. It also displayed great potential in realising an omnipotent decoder
with task-independence and subject-independence. Furthermore, more forward-looking
evidence reveals that improving the usability of one EMG decoder for multiple tasks
may contribute to a thorough investigation of the decoder’s nature in various muscle
activities.

Since the performance of all decoders were validated by both offline testing and
online testing to control an EMG-based rehabilitation robot, the comparison of these
decoders is outlined as follows:

• The advantage of a linear system is that there are fewer data requirements and
higher degrees of accuracy.

• The linear system-based method may be suitable for early-stage patients who
have limited motion function and need to enhance their motion controllability.

• The advantage of the nonlinear system-based method, i.e., the LSTM-based
method, is that it deals with the EMG differences between subjects and tasks.
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• The nonlinear system-based method can improve the modelling efficiency for
patients with similar motor abilities and similar rehabilitation aims.

• The nonlinear system-based method may be suitable for post-stage patients who
have regained most of their motion function and need to enlarge their motion
area by random tasks.

With these different EMG decoder models, a better fitting model can decode EMG
signals when applying them in different shapes of arm tracking tasks. For a single
task with a simple trajectory in one dimension, one state-space model has displayed
satisfying results. A switched system state-space model has shown an approval decoding
performance for a single task with a complex trajectory in more than two dimensions.
For multiple tasks that need to be finished within one visit, the time-variant LSTM
method has a high potential to be applied, especially when there are various subjects
and enough data.

To explore whether robot assistance influences human motor control, we analysed
and compared muscle synergies during robot-assisted motion and natural arm motion.
The results proved that with appropriate robot assistance during arm motion, users’
motor control systems can recruit the same muscle synergies as those during natural
motion. It indicates that a robot that could conduct tasks alongside human voluntary
motor effort is a crucial part of robot-assisted rehabilitation. Simultaneously, this
muscle synergy analysis of the robot assistance effect proves that the proposed human-
robot cooperation EMG-based control strategy is efficient without changing the user’s
manner of motor control.

To demonstrate the effects of task variety and the tracking accuracy by visual
feedback on muscle synergy and their activation patterns, we statistically analysed
their correlations. The muscle synergies are highly related to task variety. The duration
and activation of synergies are affected by both task variety and tracking accuracy.
The results suggest that during early rehabilitation for patients with neural system
injury, it is essential to provide a diversity of tasks for evaluating different synergies.
Moreover, during later rehabilitation stages, the tasks should be finished with high
accuracy for the purpose of acquiring synergies that are similar to healthy people.
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In conclusion, the proposed decoders based on linear system and nonlinear system
methods have a range of application. All of these decoders can be applied in the area of
rehabilitation robot control. With the synergy analysis on task tracking accuracy and
task variety, the proposed decoders can satisfy different requirements and applications
in various stages of rehabilitation. The cable-based robot with the EMG-based control
strategy based on these newly proposed EMG decoders can continuously help users
during multi-joint movements. Indeed, the synergy analysis revealed that the assistance
provided by this cable-base robot with an EMG-based control strategy would not affect
the user’s own manner of motor control. At the same time, all EMG decoders show
high potential to provide users with safe, smooth, and accurate assistance during
repetitive exercise.

9.2 Future Work

There are many areas that can still be explored based on our current project.

• In Chapters 4 and 5, it was shown that these newly proposed EMG decoder
models can be generalised to other multi-joint rehabilitation robots for patients
who suffer from neurological diseases, such as stroke and cerebral palsy. As the
next step, we aim to apply the proposed method to young patients (20-30 yrs)
who have had a stroke in the previous year but they perform high scores in basic
motion ability assessments after passive rehabilitation. In addition, these patients
must be able to sit on a chair for at least 30 minutes and hold their affected arms
for at least 1 minute.

• In Chapter 6, to achieve better clinical application, a more extensive and balanced
dataset for training the LSTM-based decoder is needed for subjects of both sexes
who have different motor ability levels, tasks, ages, and handedness. With a more
complicated network based on the time-variant LSTM-based method, the motion
intention included in EMG signals can be revealed and used for the purpose of
indicating to the robots. For improvements in modelling efficiency, works could
also focus on how to balance the database size and model selections in different
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periods of rehabilitation. More works on testing the time-invariant LSTM-based
model in the properness of the dataset size and model overfitting risk are planned.

• In Chapter 7, based on the EMG decoders and muscle synergy analysis, it was
found that the intention analysis method was highly related to the rehabilitation
tasks, and we all know the importance of completing several tasks during a
rehabilitation program. How then do we solve the problem of transfer control
systems when the tasks change within a program? In the future, it would be
useful to integrate the kinetics signals, kinematics and, EMG signals as a variable
and to design a scheme for selecting a fit control system during different tasks. It
is also important to explore, verify and deepen the understanding of how muscle
synergy performs with robot assistance from different EMG decoders.

• Another prospective area for exploration is to design a therapeutic program that
can meet the requirements of an ‘assist-as-needed’ rehabilitation theory. Users’
control efficacy and movement quality in each program stage can be evaluated and
used as ’no ceiling’ scaled criteria and the feedback components for automatically
choosing adequate tasks. Furthermore, to realise a smooth transfer between
control systems of different programs and different tasks is an important goal.

All of this information could be productively explored in future works of rehabilitation
robot control strategy based on the results of this doctoral research.
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