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Abstract 

Stroke and sports injuries are both major contributors to temporary and permanent 

disabilities. A well designed, patient specific rehabilitation programme has been shown to be a 

very important tool to improve patient outcome and to prevent repeat injuries. Robotic 

rehabilitation offers benefits such as precision, force accuracy and task specific training when 

compared to traditional manual manipulation method as used by physiotherapists. 

In this research, a more robust control technique for robotic rehabilitation devices is 

presented. Currently, most rehabilitation robots use some form of impedance control involving 

cascading outer position and inner force control loops, and are usually tuned to cater for a range 

of users. However, different capabilities among patients such as their ranges of motion and force 

capacities result in unoptimised rehabilitation programmes. In order to obtain the best 

performance possible, both control loops need to be manually adjusted, often by trial and error or 

empirical knowledge. Iterative learning control in the form of iterative feedback tuning (IFT) is 

explored to mitigate this shortcoming as it offers a model-free method to optimally obtain a local 

optimum of the controller parameters. 

The performance of the IFT technique depends on several factors, one of which being the 

optimisation algorithm. Three algorithm candidates are examined in detail through simulation 

and experiment, which yields the Gauss-Newton algorithm as the winner when considering 

tuning performance and stability. The design criterion is another factor that influences IFT’s 

performance. A normalised version of the design criterion is proposed along with an optimal 

value range for the weighting factor. The newly presented normalised design criterion is system 

agnostic and is demonstrated to improve the robustness of the IFT technique. 
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IFT with the proposed system agnostic design criterion is then implemented on two novel 

robotic rehabilitation devices using various configurations. Impedance control with iterative 

learning capabilities is explored on a wearable knee joint rehabilitation orthosis powered by 

pneumatic muscle actuators. IFT is used to obtain optimal controller parameters on various parts 

of the control system. A multiple degrees-of-freedom IFT technique is proposed and examined on 

a redundantly actuated parallel ankle rehabilitation platform to control its end effector 

orientations in joint space. For both rehabilitation robots, human participant trials are also 

conducted in order to investigate the efficacy and robustness of the IFT technique under real life 

rehabilitation scenarios. The results of this research can be applied to a wide variety of control 

system structures. With its model-free and robust nature, the techniques proposed and 

demonstrated have the possibility to provide tangible benefits to both patients and 

physiotherapists alike. 
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Chapter 1 

 

Introduction 

 

Approximately 795,000 people are affected by stroke each year in the United States, which is 

the leading cause of long term disability [1, 2]. Of these, around 610,000 are first attacks, and on 

average every 40 seconds a person in the United States suffers from a stroke attack. After a stroke, 

the recovery rate is poor. Measurements taken 6 months after the incident by various studies 

indicate only 5% to 20% of the patients demonstrate complete functional recovery, with 30% to 66% 

of the patient suffering from some form of paresis [3]. A report published in 2001 indicates that 

more than 1.1 million adults in America suffer difficulties in activities of daily living resulting 

from stroke [4]. The direct and indirect cost of stroke for the year 2011 in the United States was 

estimated to be US$33.6 billion [2]. 

In New Zealand, it is estimated that for every million people, 1250 will experience their first 

stroke each year, and an additional 350 will suffer from recurrence [5]. The recovery rate is similar 

to data from the United States, with 60.4% of stroke survivors suffering from mild to severe motor 

deficits 6 months after onset [6]. While the prevalence of stroke has decreased in recent years due 
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to lower smoking rate, it is greatly counterbalanced by the increase in diabetes, obesity, and the 

ageing population, all of which are likely to worsen in the future [7]. 

Injury in sports is also another major contributor of temporary and permanent disabilities. In 

a survey of 7 to 13 year old children participating in community sports, an injury rate of 3.4 per 

100 athlete exposures (AE) for soccer games and a rate of 4.3 per 100 AEs for American football 

games were found. One athlete exposure is defined as one athlete participating in one practice or 

one game. Of those injured at games or training, sprain or strain also ranked second highest out of 

all injury types, at 15% [8]. A 16 year summary of 15 different National Collegiate Athletic 

Association sports in the United States concludes that while collegiate sports is generally safe, 

there is still an average of 13.8 injuries per 1000 AEs in games. And the most common injury type 

is ankle ligament sprains, accounting for 15% of all injuries [9]. 

1.1. The Need for Rehabilitation 

For stroke recovery, van Peppen et al. has shown with strong evidence that repetitive, 

intensive as well as task specific rehabilitation programmes can contribute significantly to the 

effectiveness of treatment [10]. The training should be functional, meaningful and challenging for 

the patient. For non-functional patients, passive joint movement exercises should begin as early as 

possible during the rehabilitation programme in order to prevent contractures and decrease 

spasticity, at least temporarily [11, 12]. 

In sport injuries, rehabilitation is also a very important issue. Proper rehabilitation 

techniques and prompt rehabilitation training not only assist the speed of the recovery process, 

but also ensure that recovery is complete. Study has shown that ankle sprains has a mere 26% full 

recovery rate, where no pain, swelling or weakness remains [13]. Additionally, rehabilitation 

should not only focus on the effectiveness of manipulation, but also the psychology aspect. From a 

survey of 10,393 basketball players, over half of the players (56.8%) who suffered from ankle 

injuries failed to seek for professional help on recovery [14]. Study has also shown that for athletes, 

keys to an effective recovery programme are self-confidence and quality of interaction, as a 

significant number of rehabilitation exercises are self-motivated and self-performed [15]. 
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1.2. Benefits of Using Robots for Rehabilitation 

The earliest activity in rehabilitation robotics was in the 1960s, and interest in this field has 

been steadily growing since then [16]. For the past two decades, the amount of research in robot 

assisted rehabilitation for the healthcare sector has expanded significantly as a result of the 

continual development and increased accessibility of robotic technology. 

There are several distinct advantages when it comes to rehabilitation using robots compared 

to traditional manual manipulation. Traditionally, rehabilitation exercises are performed using 

manual manipulation by the physiotherapist. These manipulations are often very strenuous and 

repetitive, and as a result the duration of these exercises is limited by the physical strength and 

endurance of the physiotherapist. By using robotic devices, it is possible to perform the required 

rehabilitation tasks repeatedly without tiring and alleviate the physical demand for 

physiotherapists. Furthermore, these rehabilitation tasks can also be performed to a higher 

precision than conventional treatment methods [17]. This way, more advanced rehabilitation 

strategies can be implemented. For example, trajectories that mimic different daily living tasks can 

be set up as practice routines to increase the relevance of rehabilitation exercises. 

Furthermore, robotic devices can be designed with the safety of the patient in mind by 

limiting the maximum forces and torques, and the fast response of robotic devices are also able to 

finely control these forces and torques exerted onto the patient. Further redundancies in safety can 

also be implemented, such as the maximum error limit and the use of limit switches [18]. 

With rehabilitation robots, smarter and more advanced rehabilitation programmes can be 

designed and tailored to individual patients. Measurements can be collected by the platform to 

give accurate, detailed and quantitative data to the physiotherapist, and the effectiveness of the 

exercises can be assessed. This means that the physiotherapist can shift into a supervisory role 

from the traditional labour intensive manipulator. Further development in this direction can 

mean that the patients can train independently from the physiotherapist, resulting in more 

flexibility for the patients and potentially more motivated patients [11]. Physiotherapists may also 

monitor the progress and collect data remotely through the internet, which means that the limited 
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face to face time patients get with the physiotherapists can be more productive as they would be 

able to prepare and analyse the data before each meeting [19]. 

Assisted motion is also possible through robotic rehabilitation, and can allow for more 

intense and prolonged practice sessions. A sample of 27 subjects with chronic hemiparesis has 

shown that patients who use rehabilitation robots exercises had significantly longer exercise 

session times than those who used traditional rehabilitation methods [17, 18]. 

To summarise, it has been repeatedly demonstrated that the integration of robot usage in 

rehabilitation programmes has a tangible positive impact to the end result, with significantly 

improved motor functions as compared to traditional rehabilitation methods [20, 21]. 

1.3. Human Robot Interaction 

The topic of human-robot interaction (HRI) has been receiving considerable attention since 

the mid-1990s. Currently, there are many workshops and conferences dedicated to HRI. Research 

on HRI can be classified into physical HRI (pHRI) and cognitive HRI (cHRI). pHRI describes the 

physical contact between the robot and its user. cHRI on the other hand describes the cognitive 

interactions, such as maintaining control while allowing the user to be aware of the possibilities of 

the robot [22]. cHRI can occur through either conscious or involuntary acts from the user. 

Furthermore, pHRI and cHRI are not independent from each other, and therefore it is important 

to note that the HRI control should consider both the physical and the cognitive components. 

For assistive robots used in rehabilitation, the key attributes are the proximity and 

vulnerability of the interacting human, and the potential for interactions that may evolve in 

unanticipated patterns [23]. These interaction patterns are impossible to model using equations, 

as they are very complex and prone to change, a direct result from the cHRI and pHRI 

interactions. Individual users of a robotic device with different physical abilities under various 

conditions will respond differently. And as a result, it is a difficult task to ensure the safety and the 

effectiveness of a device are both considered fully. Thus it is important to focus on the key 

attributes of the particular HRI domain to develop more effective robot design and control. 
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Several key attributes exist for the domain of rehabilitation robots in terms of its HRI 

robustness. At a higher level, importance must be placed on the visual and haptic feedback for the 

user. A more interactive approach to rehabilitation, such as using video game interfaces to achieve 

goal oriented rehabilitation tasks makes the exercises more engaging and improves patient 

motivation [24-26]. These goal oriented rehabilitation strategies also simplify the interaction 

process, and reduces training required by the user and the physiotherapist.  

At a lower HRI level, the controller design and implementation is also important in 

determining the HRI robustness of the rehabilitation device. Control in rehabilitation robots is 

critical to its safety and adaptability. Impedance control is most often implemented in HRI, where 

a strategy for constrained motion is developed rather than a concrete control scheme [22]. This is 

significant as human and robot proximate interactions are always complementary: if one is an 

impedance that accepts force inputs and yields motion outputs, the other must be an admittance 

that accepts motion inputs and yielding force outputs. As such, the robot control system needs be 

able to adjust to the impedance of the robot to a particular impedance of the human. And in the 

context of rehabilitation, the control system needs to be able to react to the changes in its 

operating environment, as well as to be able to adjust for the variability of different users. 

1.4. The Need for More Robust Rehabilitation Robot Control 

Most robotic devices employ some form of reference tracking control of position, and the 

designs of position controllers have been well researched and mature control strategies are 

available. In rehabilitation robots, pure position control may not be acceptable at all times, and 

often both force and motion are considered together in achieving desired rehabilitation goals. In 

general, most rehabilitation robot controls are structured using cascading loops, where an inner 

force or motion control loop is utilised, and a corresponding force or motion control outer loop to 

match the inner loop, depending on the specific goal of the rehabilitation routine. The inner loop 

is often more basic, with the outer loop a higher level and takes into consideration of factors that 

affect the operation and the nature of the device and its user. Traditionally, the adjustments of the 

parameters on these controllers are performed manually, which requires the user or the 

physiotherapist to have intimate knowledge of the controller tuning process and of the device 
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itself. Recent rehabilitation robot developments saw the integration of model-based adaptive 

elements into the control structure, which adds a certain degree of flexibility and robustness to the 

devices [27-29]. However, the models derived may suffer from poor accuracy and subjectivity 

issues, and the control systems still need to be manually adjusted to produce optimal responses. 

As mentioned previously, the capabilities of people in terms of range of motion (RoM) and 

force capacity vary considerably due to factors such as impairment level, gender, age, and 

physique. Even among healthy humans, the differences can be significant. Based on healthy male 

subjects all aged 30 to 40 years old, a standard deviation of 3 degree in knee extension angles is 

reported. It is 6.5 degrees for knee flexion, 5.8 degrees for ankle dorsiflexion, and 7.5 degrees for 

ankle plantarflexion [30]. Compared to the mean range of motion values, these standard deviation 

values are substantial. Not only joint and limb characteristics differ greatly from one individual to 

another, they also change significantly based on joint position [31, 32]. Additionally, the 

functional capabilities can improve for the patients’ impaired limbs as they progress through the 

rehabilitation programme [33-35]. All of the above show strong evidence that the adaptability and 

robustness in the control system on rehabilitation robots are paramount. With current control 

system implementations, devices in actual clinical usage are tuned for a range of operating 

conditions in order to fit as many people as possible. However, in order to target a large range of 

users, system performance would not be optimised for each individual patient, leading to 

inefficiencies during the crucial first weeks of their rehabilitation programmes. At times the 

physiotherapist may still be required to adjust the device for various patients. Thus, the efficacy of 

the rehabilitation process may also be hampered by the lack of technical knowledge and controller 

tuning experience on the part of the physiotherapist. 

1.5. Examples of Rehabilitation Robots 

Current rehabilitation devices can be grouped into two main types, wearable and platform 

based. Wearable robots often consist of some form of exoskeleton or orthosis, as the user bares the 

weight of the robot partially. Platform based devices use end effectors to position the users' 

affected limbs, and they are usually designed to support the weight of the impaired limbs. 
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MIT-MANUS shown in Figure 1.1 is an upper limb platform based device designed for 

shoulder and elbow rehabilitation. It has been demonstrated to be effective in clinical trials [26, 36, 

37]. By using different types of games, different rehabilitation routines were designed to 

emphasise the movement of different joints. The games incorporate visual, aural, and 

proprioceptive sensory stimuli in order to improve the motivation of the patients. In [26] it is 

stated that the impedance controller implemented produces a constant isotropic end-point 

stiffness and damping by utilising nonlinear position and velocity feedback loops. This way it is 

possible for the device to remain stable to the varying admittance of the end users, thus increasing 

the robustness of the robot. However the performance of the device when used with various 

patients was not considered as part of the controller design. This means that while the device 

remains stable across the range of users encountered, the speed and position tracking 

performances are not optimised with the use of static impedance coefficients. 

 
Figure 1.1: MIT-MANUS upper limb rehabilitation robot [37]. 

A more recently developed device is the ARMin rehabilitation robot [29, 38], with four active 

degrees-of-freedom (DoF). The ARMin employs an impedance controller in order to calculate the 

assistive force required to move the user's hand to a specified position [25]. A ball game where the 

user is tasked to catch a ball that is rolling down an incline was developed as the front end user 

interface to provide a more cohesive HRI experience. An improved iteration was also developed 

with six active DoF and one passive DoF [39]. The ARMin II shown in Figure 1.2 is a semi-

exoskeleton device attempting to capture the advantage of both end-effector and exoskeleton 
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based robots. An end-effector like structure provides range of motion for the natural movement of 

the user's shoulder and upper arm, while an exoskeleton structure provides the remaining four 

DoF to the distal part of the upper limb. A further improved version of the robot optimised for 

clinical use has been presented as the ARMin III, where a more complex shoulder actuation was 

developed [40]. 

 
Figure 1.2: ARMin II upper limb rehabilitation robot [39]. © IEEE 2007 

The Lokomat is a lower limb rehabilitation device consisting of an exoskeleton gait1 orthosis, 

a motorised treadmill, and a body weight support suspension system, as shown in Figure 1.3 [27, 

42]. As assisted and weight supported treadmill training is commonly used in gait rehabilitation 

for patients with spinal cord injuries, incorporating robotic aspects into the rehabilitation 

technique is a natural progression aimed at improving consistency and therapy session duration 

[43]. The Lokomat uses linear actuators to drive knee and hip joint movements, which are 

integrated into the exoskeleton assembly along with various force sensors for torque feedback. The 

exoskeleton structure is secured onto each patient's leg by 3 bracing straps, and predefined hip and 

knee trajectories allow for repeatable gait patterns in the sagittal plane. The regular training 

programme is a position controlled fixed gait pattern. Its performance and improvements, 

including the incorporation of adaptive control, have been researched in clinical trials, with 

mostly positive outcomes [28, 42, 44, 45]. 

1 Gait is defined as the steady-state movement of normal locomotion, performed in a repeating cycle [41]. 
The human gait cycle can be further broken down into two phases: the stance phase where the reference foot is in 
contact with the ground, and the swing phase where the reference foot is lifted off the ground. 
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Figure 1.3: Lokomat lower limb rehabilitation platform [46]. © IEEE 2005 

1.6. Objective and Scope 

The overall aim of this research is to develop an advanced robust control technique for 

the application of robotic rehabilitation. 

Following subsections list the fundamental objectives that have been identified in order to 

achieve the above overall objective of this research. These objectives are briefly described below. 

1.6.1. Extend the knowledge domain of advanced iterative learning control 

The first objective is to extend the knowledge domain in the area of advanced iterative 

learning control (ILC). Only through the understanding of the current issues and the state of the 

art through a comprehensive literature review, can the pathway of research be ascertained. As 

discussed earlier in this chapter, the motivation behind this research is the requirement for 

robustness in rehabilitation devices. By taking this into account and combined with the knowledge 

of advanced ILC methods, an implementation suitable for the application of rehabilitation will be 

selected to be used in the rest of the research. Before applying the chosen ILC technique to the 

rehabilitation device case studies, its algorithm will be examined in detail. Improvements are 

proposed and examined, with the result used for further ILC research in applications. 
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1.6.2. Advanced iterative learning control methods on rehabilitation devices 

As every rehabilitation device differs in design, actuation method and control technique, the 

implementation of the selected iterative learning control will be different. For the application side 

of the ILC, the control of two different robotic rehabilitation devices with advanced iterative 

learning capabilities will be explored in this research. The first device is a knee joint rehabilitation 

orthosis. This device is chosen because of several reasons. Firstly, impedance control is used on 

this device, and as impedance control is applied widely in rehabilitation to maximise the safety of 

the user, this study will present the use of ILC on the impedance control scheme. Secondly, the 

device has a single active rotating degree of freedom, which simplifies the arrangement somewhat 

in the process of implementing the chosen ILC. Finally, the device utilises a novel type of 

pneumatic powered actuator, which possesses nonlinear and time-varying properties when it 

comes to control. As these properties are ever-present in the control of rehabilitation robots, this 

study will also provide a good indication on the efficacy of the chosen ILC application in dealing 

with these difficulties. 

The second rehabilitation device explored is an ankle rehabilitation robot. This device is 

chosen because of its significant differences to the device used in the first study. The ankle 

rehabilitation robot is a redundantly actuated device with four actuators and three degrees-of-

freedom. It is also a platform bases device compared to the wearable based device in the previous 

study. These differences result in added difficulties in the analysis and control of the device and 

present an interesting scenario in the application of the selected ILC. 

1.6.3. Improvements to the ankle rehabilitation robot 

To improve the results of the ILC implementation on the ankle rehabilitation platform, 

improvements need to be made to alleviate hardware and usability issues and to progress the 

platform to the next phase of development. As all rehabilitation devices are ultimately designed to 

be used by patients and physiotherapists, reliability and user experience need to be of a high 

consideration. Efforts will be made to improve on both fronts, and along with the integration of 

the advanced iterative learning control method, the improved rehabilitation platform can then be 

realised. 
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1.7. Thesis Synopsis 

This thesis describes in detail the research work that has been carried out in order to 

successfully achieve the objectives outlined previously. Following is a brief synopsis of how the 

remaining chapters of this thesis are laid out. 

In Chapter 2, a comprehensive review of rehabilitation and advanced iterative learning 

control is carried out, as well as their intersection. A model-free ILC technique in the form of 

iterative feedback tuning (IFT) is chosen to be used for the rest of the research. This literature 

review also uncovers areas needing further investigation in order to extend the knowledge domain 

for the chosen ILC. 

Chapter 3 examines in detail the inner workings of the IFT technique, and explores some 

alternative optimisation algorithms. A comparative study is conducted to evaluate the relative 

performance of the algorithms by examining them against manual tuning as well as amongst 

themselves. Experiments are also performed using a pneumatic muscle actuator test platform to 

validate the optimisation algorithms, and to provide insights on how IFT performs on 

rehabilitation devices. 

A normalised, system agnostic version of the design criterion for the IFT technique is 

proposed in Chapter 4. An optimal value range of the weighting factor for trajectory tracking 

response performance is also presented. The newly introduced design criterion is then compared 

against the standard IFT implementation to demonstrate its improved robustness and unchanged 

tuning performance. This novel design criterion and the optimal weighting value range are used in 

the case studies for the remainder of this research. 

In Chapter 5, an impedance control scheme with iterative learning capabilities is proposed to 

regulate joint force and joint angle tracking performance. IFT is used to optimise the controller 

parameters in various capacities on the impedance control scheme to examine its viability and 

improved robustness as compared to standard manually tuned impedance control. 

Chapter 6 presents the work done on a redundantly actuated ankle rehabilitation robot. 

Reliability and usability issues with the current robot are identified, which are then resolved from 
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multiple angles. Hardware integration is achieved where a data acquisition and communication 

solution is developed. The HRI experience is further elevated with the implementation of a 

wireless trajectory control using smart devices. 

In Chapter 7, a multiple degrees-of-freedom IFT is proposed on the improved ankle 

rehabilitation robot, where the use of simultaneous multiple online IFT instances to optimise for 

the 3 DoF end effector orientation is explored. In addition, an inverse dynamics analysis of the 

robot is performed, with the result implemented on the IFT tuned control scheme. Human 

participant tests are also conducted to investigate the robustness of the IFT technique, as well as to 

validate the performance of the proposed multi-DoF IFT technique. 

The overall research outcomes, conclusions and contributions are presented in Chapter 8. In 

addition, some directions for future research are also proposed in this final chapter. 

1.8. Chapter Summary 

This chapter presented the importance, benefits, limitations and examples of using robots in 

the rehabilitation process. Due to the variation of capabilities in different people, adaptability and 

robustness is important and is an issue facing the current generation of rehabilitation robot 

control. By using more robust control algorithms, it is possible to tune rehabilitation devices to 

suit individual patient, thus improving patient outcome, especially in the very important first 

weeks of their rehabilitation programme. 

Three main objectives of this research are identified along with a brief outline of how they 

will be achieved. The first objective is to extend the knowledge domain of advanced iterative 

learning control through the analysis and extension of a chosen ILC technique. This is followed by 

two applications using the selected ILC technique in different configurations aiming to improve 

the robustness and efficacy of robotic rehabilitation device control. For the hardware used in the 

second application, improvements will be made from both the hardware and software perspectives 

to enhance the usability and reliability of the device. 
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2.1. Rehabilitation 

While the need for rehabilitation and the benefits of using robots for rehabilitation are 

explained in the previous chapter, the actual process of rehabilitation and robotic rehabilitation 

devices in terms of configuration, actuation and control are presented in detail in this section. 

2.1.1. Rehabilitation strategies 

Repeated movements of different exercises are often recommended as the predominant 

rehabilitation strategy for both resistance and range of motion training. For example, for a 

functional training exercise in stroke rehabilitation, it is recommended that the patient repeat 

standing up and sitting down 3 to 5 times for each set, for training periods of 20 minutes at a time, 

and this is performed a few times daily [47]. Two sets of 12 repeated resistance exercises are also 

recommended by the same research. In ankle sprain injuries, it is recommended that the affected 

foot to be manipulated with repetition, with 3 to 4 sets of 10 to 12 repetitions being the common 

theme across literatures [48, 49]. 
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As discussed before, rehabilitation exercises aid significantly in the neurological and 

functional recoveries of stroke sufferers, allowing patients to perform better at activities of daily 

living (ADL). One study shows that after completing a rehabilitation programme with weekly 

deficits assessments, 85 per cent of the patients with initially moderate disability improved to 

either mild or no disability, and half of the patients with mild disability levels recovered fully at the 

completion of the programme [34]. However, follow up examinations comparing between the 

completion of the rehabilitation programme and the 6-month post stroke assessment show very 

little improvement in further recoveries in terms of their ADL scores. With conventional manual 

rehabilitation exercises, it is reported that 80 per cent of the patients reach their peak neurological 

recovery within 4.5 weeks, and their peak functional recovery within 6 weeks [35].  It can be seen 

that most rehabilitation happens quickly during the weeks following the onset of the stroke 

incident, and the change in patient capabilities can be rapid early on during the rehabilitation 

process. 

2.1.2. Rehabilitation robot configuration 

Other than classifying rehabilitation robots into platform based and wearable by usage, they 

can also be categorised by kinematic configuration. These are parallel robots, serial robots, and 

serial-parallel hybrid robots [50]. Parallel and serial robots each have advantages and 

disadvantages compared to one another and in some situations the benefits are amalgamated to 

form hybrid robot configurations. 

A parallel robot is made up of a fixed base linked to an end effector using several independent 

kinematic chains, forming closed loop linkages [51]. Parallel robot manipulators have several 

advantages as compared to serial robot manipulators. It is relatively easy to calculate the inverse 

kinematics of a parallel manipulator. The inverse kinematics describes the joint coordinates when 

given an end effector pose, and is essential for the position control of the parallel manipulator. A 

parallel manipulator is also more accurate than a comparable serial manipulator, as the positional 

errors are averaged out between several actuators. Due to this multiple actuator parallel 

arrangement, they can also generate more force, and have higher stiffness than serial robots. Serial 

robots on the other hand consist of various links connected in series. While serial robots possess 

14 



 
 

Literature Review 

 
 
larger workspaces, they also have several distinct disadvantages, such as the accumulation of 

position errors, and poor power to weight ratios. However, parallel robots also have several 

drawbacks as compared to serial robot designs. These include lower dexterity and manipulability, 

significantly smaller workspace, and more importantly the difficulties in calculating or estimating 

the forward kinematics used for task space control. 

For parallel robot manipulators, there exist two further categories of device configuration. 

Non-redundantly actuated parallel robots are more commonly seen, where there are as many 

degrees-of-freedom as there are actuators. When there are more actuators than there are degrees-

of-freedom, the device becomes redundantly actuated. Redundantly actuated devices have several 

advantages over non-redundantly actuated robots, with the most prominent being the removal of 

singular or force-unconstrained configurations within its reachable workspace. The dexterity and 

workspace of the mechanism can also be improved by a great extent [52]. The use of over-

actuation however also causes issues particularly in control, where the solution to the inverse force 

problem or the inverse dynamics is no longer unique, and for some solutions it require iterative 

optimisation methods to achieve. Though this non-unique solution issue is also a blessing in 

disguise, as it allows the joint forces or torques to be optimised [53]. 

2.1.3. Rehabilitation robot actuation 

Depending on the robot kinematic design and the intended usage mode, actuators used in 

rehabilitation devices need to be carefully considered. Wearable robots often require a lower 

inertia to allow higher mobility. One type of actuators is series elastic actuators, where an electric 

motor is placed in series with an elastic element that is intrinsically compliant, thereby making the 

actuator compliant [54-56]. The compliant elastic element can be regulated to control the force 

applied to the user. 

Another novel type of actuator that starts to see an increased use in wearable robots is the 

McKibben type pneumatic muscle actuators (PMA). By using air as a power source, and as air is 

compressible, the actuator is intrinsically compliant, and force can be regulated by adjusting the 

air pressure inside the actuator. PMA has the advantage of high force and high deformation for 

the size of the device. However it is also highly nonlinear and time varying which presents 
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challenges in terms of control. Examples of PMA based rehabilitation robots are presented in [57-

61]. 

For platform based rehabilitation devices, where the requirement of weight and size are less 

stringent, conventional electric motor drives are utilised widely in designs [62-64]. These 

actuators are often geared significantly to increase torque transmission and to decrease the 

internal friction of the actuators. Control of this actuator is also more straightforward as the 

dynamic has been widely understood. 

Pneumatic cylinders are also utilised in platform based devices. This type of actuator offers 

high power to size ratio, and is also intrinsically compliant. Pneumatic cylinders also have the 

ability to maintain long periods of high force outputs without overheating. Examples of 

rehabilitation robots that incorporate pneumatic cylinders include a Stewart platform based device 

presented in [65], and a reconfigurable ankle and foot robot in [66, 67]. 

2.1.4. Current rehabilitation robot control strategies 

Current rehabilitation robot control strategies can be broadly grouped into four main 

categories: assistive based control, challenge-based, task simulation, and non-contact coaching 

[68]. This research focuses on the assistive aspect of control, where the rehabilitation robots 

typically employ some type of trajectory tracking control by guiding the patient along a 

predetermined path. This is similar to the actions of physiotherapists moving the patient’s affected 

limbs manually. Various forms of trajectory tracking have been implemented in rehabilitation 

robots in previous research, with the implementation differing based on the robot design and 

additional features applied. 

In [69] a mechanised gait trainer with a similar action to an elliptical trainer exercise machine 

is controlled using an open loop controller with a fixed mechanically pre-defined trajectory. While 

this form of controller is simple to implement, it has significant robustness disadvantages as there 

is a lack of feedback sensory information and cannot adapt to individual patient conditions. 

Counterbalancing generated either mechanically or actively through a control system can 

also assist the user to reach the desired reference trajectory, with the amount of counterweight 
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reduced as the user progresses through rehabilitation [68, 70]. Surface electromyography signals 

(EMG) collected from selected muscle groups can also be used to help determine the amount of 

assistance required for trajectory tracking [71-73]. These forms of trajectory tracking control 

however are usually more supplementary to the main control loop of the system. 

In terms of active trajectory control, the control systems are usually closed loop for added 

robustness. Further robustness and adaptability can be added by utilising cascade control 

structures. When a robot manipulator is coupled to its environment, the manipulator can provide 

a role of impedance in order to be compatible to the environmental admittance [74]. This 

impedance and admittance coupling, when arranged in a cascade form of control can improve the 

robustness of the system, even when the operating environment changes, for example from the 

interaction of the robotic device user. 

Impedance control is a strategy to constrain motion rather than a hard position control [22]. 

In its general form it can be described using the following block diagram: 

 
Figure 2.1: Typical impedance control structure. 

The dynamics of the impedance controller can be described using the following equation in 

general [74]: 

𝐹 = 𝑀(�̈� − �̈�0) + 𝐵 (�̇� − �̇�0) + 𝐾(𝑞 − 𝑞0) (2.1) 

where q denotes position and M, B, and K are the inertia, damping and stiffness coefficients 

respectively. These can be adjusted according to the desired performance goals. For a robot, 

different task space direction may have different impedance and are usually coupled in a 

nonlinear fashion. The dynamic is also commonly presented in the Laplace domain as the 

following: 

Trajectory Impedance 
controller 

Robot 
(manipulator) 

Human limb 
(environment) 

Force 

Position 
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𝑍(𝑠) =
𝑀𝑠2 + 𝐵𝑠 + 𝐾

𝑠  (2.2) 

Essentially, the interaction between the force and position loops of the impedance system is 

analogous to a damped spring system. The impedance becomes the spring stiffness in this case, 

and can be varied depending on requirements. This implementation of impedance improves the 

safety of the device user by limiting the amount of force exerted on the patient while still keeping 

track of the robot manipulator position. 

LOPES is a gait rehabilitation device that uses the impedance control structure [75]. Further 

robustness is added by implementing an algorithm called Complementary Limb Motion 

Estimation, where the trajectory of the healthy limb is used to generate the desired path for the 

impaired limb [76]. Some other rehabilitation robots that incorporate impedance control include 

the Lokomat, MIT-MANUS, and the ARMin. However they all have different added features 

aimed at improving the robustness. On the Lokomat, the gait trajectory is modified instead by an 

algorithm based on the interaction torques measured from the force sensors [27]. For the case of 

MIT-MANUS, it uses a rule based adjustment method with two distinct modes of operation. In 

teach mode, the robot mimics the input of the physiotherapist in order to improve the adaptability 

of the system [36]. And for the ARMin robot, the impedance on the impedance controller is 

adjusted based on game therapy system and is adjusted based on the simple linear distance to the 

target, where a lower impedance is provided if the user is able to reach close to the desired target 

[29]. 

It can be seen that the rehabilitation robots shown above have all attempted to improve the 

robustness and adaptability for different users or scenarios. As the MIT-MANUS platform is older 

and less developed than the other newer systems, the robustness improvement is very limited, and 

requires constant input from the physiotherapist operating on the device. The LOPES and 

Lokomat systems both employ trajectory modification only, with the impedance control not 

modified in anyway. Only the ARMin robot attempts to adjust the actual controller based on the 

user’s current capabilities. However that system also only uses a simple linear model to adjust the 

impedance of the system. As pHRI is often non-linear, and with the accurate model unable to be 
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determined which may also be different between each user, the changes to the controller 

parameters may not be optimal. Furthermore, in all cases, the system will need to be manually 

tuned for each patient and most likely throughout the rehabilitation programme as well. This calls 

for a more robust approach to rehabilitation control, a controller that can adapt to different users 

as well as different usage patterns. Furthermore, if the controller can also adapt to or learn about 

the mode of rehabilitation, it would improve robustness immensely. Some form of learning 

control may be the solution needed here. 

2.2. Iterative Learning Control 

Iterative learning controls are widely used in robotics, which presents very complex and 

interesting challenges. Most robotic systems need to deal with a high dimensionality and highly 

continuous state and actions, and the environment that the robot operates in may not be perfectly 

controlled or regulated at all times, such as temperature, wear and tear, user interaction, or even 

lighting conditions for some robots [77]. This makes it difficult to compare different algorithms, 

or even different runs for the same algorithm, as it is impossible to pre-program for all possible 

scenarios and combinations. Furthermore, traditional process based tuning methods often require 

the loop to be opened, making the tuning process sensitive to disturbances [78]. These factors give 

rise to a type of robot control system that is able to continuously learn about its operating 

environment and properties in situ. This type of control is often called iterative learning control. 

2.2.1. What is iterative learning control 

The objective for an iterative learning control is to generate a sequence of appropriate control 

inputs 𝑢𝑖𝑖(𝑡) to drive the system output 𝑦𝑦𝑖𝑖(𝑡) approaches a given reference trajectory 𝑟(𝑡), for 

iteration 𝑖𝑖. Each iteration of control input generation should take the output 𝑦𝑦𝑖𝑖(𝑡) closer to the 

reference trajectory by the ILC algorithm learning about the properties of the system being 

controlled. The following equation shows a typical ILC law: 

𝑢𝑖𝑖+1(𝑡) = 𝑢𝑖𝑖(𝑡) + Γ𝑒𝑖𝑖(𝑡) (2.3) 
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where 𝑢𝑖𝑖+1(𝑡) represents the next iteration, 𝑒𝑖𝑖(𝑡) is the control error calculated by 𝑟𝑖𝑖(𝑡) − 𝑦𝑦𝑖𝑖(𝑡), 

and Γ is some function or a matrix that applies to the control error. 

The characteristics of a typical ILC are as follow. Firstly, the control signal 𝑢𝑖𝑖(𝑡) and the 

system output signal 𝑦𝑦𝑖𝑖(𝑡) are used to calculate for the next iteration in a pointwise2 manner. 

Secondly, there exists no feedback loop for the current iteration, which means that in (2.3), 

𝑢𝑖𝑖+1(𝑡) does not contain 𝑒𝑖𝑖+1(𝑡), but contains only 𝑒𝑖𝑖(𝑡). Lastly, no state information about the 

system is used, which means that only the past output 𝑦𝑦𝑖𝑖(𝑡) is used to calculate the values for the 

next iteration [79, 80]. 

ILC as compared to traditional control systems has the advantage where the input into the 

system (such as the reference or disturbances) does not need to be known or measured, only that 

these inputs are repetitive so they can be accounted for automatically by the algorithm [81]. This 

allows the system to be highly robust to uncertainties. 

2.2.2. Iterative learning control options 

In [77] it is stated that a cost function based learning process is often used as there always 

needs to be a trade-off between some form of cost and performance. The cost function approach 

can further be separated into model-based and model-free methods. In the model-based ILCs, the 

ILC algorithm is used to generate a feedforward control that tracks either a reference trajectory or 

to reject a repeating disturbance [81]. In model-free methods, the ILC algorithm is typically used 

to tune the overall control system directly. 

It is argued that model-based learning controls have some advantages over model-free 

alternatives in robot control. By knowing the underlying mechanism of the device being 

controlled, it is more efficient as learning is not an easy task [82]. Model-based learning have been 

applied to inverse dynamics control in [83], inverse kinematics control in [84, 85] and dynamic 

path planning in [86]. 

2 A pointwise operation means that operation is valid for every member function of the given set. 

20 

                                                        



 
 

Literature Review 

 
 

Examples of model-based learning control include model reference adaptive control (MRAC), 

in which a feedforward model is used to predict the performance of an action, and the controller is 

then used to adjust the action based on the error feedback. MRAC was originally designed for 

continuous systems and was later extended for discrete and stochastic systems [87]. Model 

predictive control (MPC) is a modification to MRAC, whereby a cost function is minimised over a 

certain prediction horizon into the future. MPC is also widely used in the industry, but more for 

process control than robot control. Other model-based learning controls include the use of inverse 

models and mixed-models where the applications are for rather niche situations. 

Model-free methods on the other hand also claim several advantages over the model-based 

learning control methods. Model-based learning requires the system designer to have an intimate 

knowledge of the system in order to estimate its model. Often in complex systems this is very 

difficult to achieve. Even when possible, system models identified have been shown to exhibit bias 

and variance [88]. Dynamics always exist which are not modelled and system errors are invariable, 

and model-based methods may not keep up in situations where the system dynamic changes.  

Furthermore, even if an accurate and high order model is obtained, the resulting controller is 

often too high order which is not suitable to use in practice, and thus the model or control 

complexity must be reduced. Model-free methods offer robustness that is unmatched by the 

model-based methods. By using data-driven control theory, where the controller is designed 

directly using only online or offline control system data without explicit or implicit information of 

the underlying model, these shortcomings can be mitigated [89]. On the other hand, in situations 

where the operating environment does not change by much, the model-free method may produce 

worse results than the model-based ones, as usually the entire system is tuned directly in the 

model-free technique rather than tuning only a feedforward control block. 

There are multiple options available for model-free learning control, all of which have 

relative strengths and weaknesses. Model-free adaptive control (MFAC) is one such control 

introduced in 1994, which estimates pseudo partial derivatives for every iteration to replace the 

general discrete nonlinear system [90, 91]. This method is relatively easy to implement, however 

the stability and convergence of reference tracking has not been proven. 
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Unfalsified control (UC) was proposed in 1995, where controller parameter sets that fail to 

satisfy performance requirements are recursively falsified [92, 93]. UC has been seen in several 

applications under laboratory conditions. However, issues remain with this method including 

how to determine and exclude sets of controller parameters which can lead to unstable scenarios. 

Iterative feedback tuning (IFT) is another model-free data-driven control method which is 

applicable on multiple control system structures. IFT uses specially designed experiments to 

generate the gradient based descent direction. The authors in [89] stated that the shortcomings of 

IFT include the lack of guideline for the selection of the controller, and no guaranteed closed loop 

stability. For the case of robotic control, often an appropriate controller structure is selected to suit 

the particular system based on the task required, and as long as the control loop is fully 

differentiable with respect to the controller parameters, it enables the generation of the estimated 

controller parameter gradient along with the experiment results. The closed loop stability of IFT is 

also addressed in [94], where it is possible to take measures to guarantee the stability of the closed 

loop system when updating the controller parameters. 

2.2.3. Iterative learning control selection 

To select an appropriate ILC method that is the most suitable for the task at hand, it is 

important to look at the characteristics of the rehabilitation process while considering the 

properties of the ILC options available. An informed decision can then be made. 

Firstly, from the commonly recommended rehabilitation strategies, the trajectories are often 

performed in a repetitive manner. This supports the implementation of some form of iterative 

data-driven learning control, as the advantage of data-driven ILC is learning from repeating 

scenarios without the knowledge of the actual external inputs. Secondly, by examining the 

physical process of rehabilitation, it is found that recovery mostly happen within the first month 

of the programme, and often ends in 6 weeks. There is also often a significant change in patient 

capacity for ADL from before to after the rehabilitation programme. The speed and range of 

recovery can lead to significant changes to the control parameters of the rehabilitation robot used, 

which indicates that a model-based ILC is not suitable, and a model-free method may be better. 
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Thirdly, different control system structures need to be designed for different rehabilitation devices, 

and this calls for a more general approach to the ILC implementation. 

Based on the above evidence, some form of model-free control will be advantageous given the 

swiftness of the recovery which will require changes to the controller parameters in order to 

provide the optimal robot performance. When examined in detail, it is clear that UC control is 

clearly not a sensible choice as the lack of guaranteed stability may put the user at risk, should a set 

of unstable controller parameters are chosen. MFAC on the other hand, constructs an equivalent 

model valid only for the small domain about the operating point. Therefore the stability of the 

algorithm throughout its tuning process is also an unknown factor. IFT being the other model-

free ILC candidate appears to be able to guarantee stability while satisfying the requirements of 

rehabilitation. Principally, it is very much suited to repeated rehabilitation trajectories due to the 

requirement of the specially designed experiments. Additionally, it is easy to implement on a 

variety of control system structures. As a result of the above analysis, the technique of iterative 

feedback tuning is chosen to be the ILC used for this research. 

2.3. Iterative Feedback Tuning: Fundamentals 

Iterative feedback tuning as first described by Hjalmarsson et al. in 1994 as a model-free 

automatic tuning method that uses only the output information from closed-loop system 

responses [95]. The goal of the IFT technique is to minimise a design criterion set out by the 

system designer. Normally, three experiments are required to complete each iteration of the 

optimisation process. First, a test signal is applied to the input of the closed-loop system and the 

output signal is collected. Second, the output signal from the first experiment is re-applied as the 

reference input of the control system, and the output is recorded in order to calculate the gradient 

of the controller parameters. A final experiment is performed where the test signal from the first 

experiment is used as the reference. This is done to ensure that the data from the second and third 

experiments are independent of each other in order to reduce bias. Details of the general 

algorithm can be found in [96]. A two-experiment version of IFT also exists, which injects the 

error from the first experiment into the second experiment, instead of the output. However, with 

this less complex version, there is larger bias and online tuning cannot be achieved. 
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The simplest design criterion or objective function 𝐽𝐽(𝜌𝜌) can be formed by taking the mean 

squared error (MSE) value collected during experiment number 1 or 3: 

𝐽𝐽(𝜌𝜌) =
1

2𝑁�
(𝑦𝑦�𝑡(𝜌𝜌)2)

𝑁

𝑡=1

 (2.4) 

Here 𝜌𝜌 is a vector of process parameters to be optimised,  y�t(𝜌𝜌) is the error between the 

actual output and the desired output signal, and 𝑁 is the total number of samples collected. The 

optimized controller parameter vector 𝜌𝜌∗ is defined as shown in (2.5). The design criterion is to be 

calculated after each optimisation iteration to quantify the performance of the system response. 

𝜌𝜌∗ = arg min
𝜌𝜌

𝐽𝐽(𝜌𝜌) (2.5) 

The local minimum of the design criterion 𝐽𝐽(𝜌𝜌) can be found by finding the solution to (2.6): 

0 =
𝜕𝜕𝐽𝐽(𝜌𝜌)
𝜕𝜕𝜌𝜌 =

1
𝑁��𝑦𝑦�𝑡(𝜌𝜌)

𝜕𝜕𝑦𝑦𝑡(𝜌𝜌)
𝜕𝜕𝜌𝜌 �

𝑁

𝑡=1

 (2.6) 

The key to the iterative feedback tuning method is the iterative computation of 𝜕𝜕𝜕𝜕(𝜌𝜌)
𝜕𝜕𝜌𝜌

 from 

experiment results. A gradient descent method is used to compute the controller parameter vector 

for the next iteration. The general equation for the 𝑖𝑖th iteration is shown in (2.7), where 𝛾𝛾𝑖𝑖 is a 

positive scalar step size, and 𝑅𝑅𝑖𝑖 is some positive definite matrix indicating the downhill search 

direction such as the identity matrix. 

𝜌𝜌𝑖𝑖+1 = 𝜌𝜌𝑖𝑖 − 𝛾𝛾𝑖𝑖𝑅𝑅𝑖𝑖−1
𝜕𝜕𝐽𝐽(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌  (2.7) 

However the use of the identity matrix may lead to slow convergence. A more common 

approach is to use a Gauss-Newton approximation of the Hessian  [95, 96]: 
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𝑅𝑅𝑖𝑖 =
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 (2.8) 

where 𝜕𝜕𝑦𝑦𝑡𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌

 is a 𝐾 by 1 sized matrix of the partial derivative of the output signal for the 𝑖𝑖th 

iteration with respect to the 𝐾 number of controller parameters. Of course the partial derivatives 

𝜕𝜕𝑦𝑦𝑡𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌

 obtained differ based on the type(s) of controller used, the control system design, and the 

values of the controller gains present. The procedure for a standard IFT algorithm is shown in 

Figure 2.2. 

 
Figure 2.2: Iterative feedback tuning algorithm process diagram. 

2.4. Iterative Feedback Tuning: State of the Art 

There has been a lot of interest in the development and application of IFT technique since its 
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tuning rules, and has shown an advantage over various manual tuning methods [97]. 

Contributions to IFT research can be separated into three categories. Advancement in theoretical 

research typically focuses more on the algorithm side of IFT. IFT has also been adapted to be used 

in various control structures, demonstrating the flexibility of the technique. The application aspect 

on the other hand focuses on how IFT interacts with different hardware under different 

experimental conditions. A summary of the key features of and contributions to the current 

knowledge domain of IFT is given in the following subsections. 

2.4.1. Advancement in algorithm 

IFT has been advanced on several fronts in the theoretical aspect, one of which is on the 

design criterion. The system designer can freely choose their own cost function (design criterion) 

in order to control specific properties of the controller. Apart from (2.4), several other design 

criteria have been introduced in the past. For example, one commonly used cost function, shown 

in (2.9), takes into account both the error response as well as the controller input magnitude [95, 

96]. 𝜆 is a predetermined weighting factor between the two cost function variables, which is 

usually obtained empirically through trial and error or system knowledge. 

𝐽𝐽( 𝜌𝜌 ) =
1

2𝑁� �𝑦𝑦�𝑡(𝜌𝜌)2
𝑁

𝑡=1

+  𝜆�𝑢𝑡(𝜌𝜌)2
𝑁

𝑡=1

� (2.9) 

With (2.4), due to its simplicity, the system designer can choose either a two-experiment IFT 

or use the version that requires three experiments. However with the design criterion in (2.9), the 

third experiment should be performed by injecting the same reference input signal from the first 

experiment again, obtaining a result that is independent of the output of the first experiment. 

Other advanced versions of the design criterion have also been proposed, which will be presented 

in detail in a later chapter. 

Other aspects of improvement and modifications are directed at the tuning algorithm itself. 

For instance, in [98] it is argued that because system designers often have the knowledge of what 

each controller parameter's sensitivity is, the scalar step size 𝛾𝛾𝑖𝑖 from (2.7) can be split into separate 

step sizes for each parameter. In (2.10), 𝛾𝛾𝜌𝜌 now becomes a diagonal matrix of step sizes for each 
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parameter. This ensures the step size taken by the iterative algorithm can be larger for less 

responsive parameters. It has the effect of speeding up the search by refining the 𝛾𝛾𝜌𝜌 term when 

required. However the step sizes for each controller parameter will need to be defined empirically, 

often through trial and error. 

𝜌𝜌𝑖𝑖+1 = 𝜌𝜌𝑖𝑖 + 𝛾𝛾𝜌𝜌𝑅𝑅𝑖𝑖−1
𝜕𝜕𝐽𝐽(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌   (2.10) 

Due to measurement noise in the system, the Hessian matrix estimation in the standard IFT 

method is biased. Jo et al. in [99] showed that IFT can be improved with one additional 

experiment which greatly reduces this bias. The resultant method is applied to a DC servo motor 

controller showing an improved performance than the biased method. 

Solari and Gevers in [100] have shown that under the disturbance rejection scenario, it is 

possible to reduce the bias error. In this case, a more accurate estimate of the Hessian was found 

by doing two more experiments than usual. Through Monte-Carlo simulation, the improved 

estimate was found to have a bias and mean square error that is more than 50 times smaller than 

that of the classical IFT method. It was further shown that even by ignoring the second derivative 

term, thus only requiring one additional experiment per iteration, the bias error can be reduced 

too. 

In [101] the expression for the asymptotic accuracy (asymptotic convergence rate3) of IFT 

was investigated and derived in the frequency domain for the case of disturbance rejection. This 

convergence rate is dependent on the covariance of the gradient estimates. The result of this 

investigation has led to the development of optimal prefiltering techniques. 

In [102] and [103] it was realised that the covariance of the gradient estimate is affected by 

the prefiltering of the data at the input of the special second experiment. In the original literature, 

prefiltering was not used for the special experiment. It was discussed that the choice of this 

prefilter will influence the spread of the gradient estimates in each iteration, and in turn will affect 

3 Asymptotic convergence refers to the convergence behaviour when the step size is sufficiently small. As is 
often the case where a separate function describing this behaviour can be obtained, which is different to the 
normal convergence rate. 
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the asymptotic convergence rate. A design criteria minimisation method was developed in order 

to calculate an optimal prefilter for a control system, which will optimise the asymptotic 

convergence rate. This should result in a faster convergence speed for the search algorithm, and 

reduces the chance of reaching a wrong local minimum. In [103], a Monte-Carlo simulation was 

performed. It confirmed with the calculated results showing an improvement of 31% over an 

unoptimised prefiltering scenario. 

Huusom et al. introduced an extension to the classic IFT algorithm [104]. By introducing an 

external probing signal and perturbing the tuning process, one can generate more informative 

data and thereby improve convergence when tuning for a disturbance rejection scenario. The 

authors demonstrated that by having a plant and a noise model of the system, a proper line search 

method can be applied, which reduces bias and also improves convergence. This is an example 

where the model free IFT method can be combined with a system model to improve the efficiency 

of the tuning method. Further work on this is presented in [105]. 

The IFT technique was also extended to systems with constraints. In [106], the Hessian 

matrix is decomposed into the standard IFT gradient, and the gradient introduced by the 

constraint penalty function. Enhanced performance was obtained with experimental results. 

2.4.2. Adaptation in various control structures 

While the IFT algorithm was initially designed with LTI systems in mind, it was shown in [94] 

that the algorithm functions under some non-linear scenarios. Although some bias in the gradient 

estimation is introduced when dealing with non-linear systems, it is sometimes small enough to 

not affect the end result. The case of IFT in nonlinear systems was investigated further in [107, 

108], and an adaptation to the original method was found. By performing a number of special 

experiments, the gradient can be experimentally determined rather than estimated. The number 

of special experiments required is 𝑛 + 2, where 𝑛 is the number of controller parameters. It was 

also noted that just by doing two experiments using open loop identification techniques, the 

gradient can be estimated which may be acceptable in some cases. 
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In [109], a nonlinear model-free tuning method very similar to the nonlinear version of the 

IFT technique [107] was developed. It also uses the Gauss-Newton method to minimise a design 

criterion. Special experiments are used in the same manner as IFT in order to identify the gradient 

for the Gauss-Newton process. In this case, the number of experiments required is the number of 

controller parameters plus one. 

In order to estimate the gradient, the original IFT algorithm requires a minimum of 

1 + 𝑚 × 𝑝 number of experiments for a plant with m control signals and p sensed outputs. The 

IFT technique is applied to multi-input multi-output (MIMO) systems in [110, 111]. In [112] it is 

proposed that the number of experiments can be decreased by shifting the multivariable operators, 

which reduces the number of experiments to two regardless of the complexity of the system. 

However, this operation often introduces commutation errors. The issue with the adaptation of 

IFT on MIMO systems in general is that while the goal of IFT is to seek for a solution in a convex 

search space, MIMO systems are usually non-convex. Therefore IFT may not be entirely suitable 

for MIMO systems [113]. 

In 2003, Gunnarsson et al. [114] proposed a control scheme for a 2 × 2 MIMO system. The 

system consists of two inputs and two outputs. It was designed that each input is controlled by a 

static decoupling PD controller, with two diagonal PD controllers completes the system 

interactions. Firstly, the two decoupling PD controllers are tuned individually. In the second step, 

the two diagonal PD controllers are tuned together simultaneously while the two decoupling 

controllers are running. Several test cases were presented including faster actions and the addition 

of friction. The IFT method has successfully tuned all test cases. 

Fuzzy control systems have also been successfully tuned using IFT. Pretil et al. in 2006 

presented both theoretical and application aspects of using IFT in fuzzy systems employing 

Mamdani type PI-fuzzy controllers [115]. A method for stability analysis was presented and 

according to the authors, if this analysis method is used, the convergence of the IFT algorithm on 

this particular fuzzy control system is guaranteed. More efforts were made on the topic of IFT and 

fuzzy control systems including the development of Genetic IFT, and guaranteed convergent 
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discrete system [116-119]. Later on, the Takagi-Sugeno PI-fuzzy controllers system was adapted to 

use the iterative feedback tuning method [120]. 

2.4.3. Advancement in practical applications 

As IFT can be implemented on many different control system schemes, this subsection 

presents some interesting cases for the application of IFT. It is worth to note that currently IFT 

applications have all been realised under laboratory conditions. 

De Bruyne in 2003 adapted the IFT method on internal model controllers (IMC) [121]. As 

the forward model (in particular for the case of Smith predictors) is required to be very close to 

the actual process, it is usually tuned with open loop experiments. IFT was implemented so that 

the forward model is updated iteratively, with four experiments per iteration to arrive at the 

gradient estimation. The IFT procedure was successfully applied with notable gains in model 

accuracy, and thus system response. 

Hamamoto et al. successfully applied the IFT algorithm on a two mass spring system with 

friction using a two degree-of-freedom feedforward and feedback controllers [122]. The 

feedforward controller was tuned with set point tracking in mind, while the feedback system was 

tuned with a focus on disturbance rejection. One innovation in particular is the usage of BFGS 

Quasi-Newton search method instead of the more commonly used Gauss-Newton method. 

IFT was used to automatically tune a relay in [123]. It was found that only 20% of the control 

loops in a typical paper mill work well, with one of the main reasons due to poor tuning. The 

standard relay auto-tuning method uses a modified version of the Ziegler-Nichols method, which 

intrinsically share the same limitations. In practice, the Ziegler-Nichols method is always 

supplemented with manual tuning in order to arrive at the required performance. The authors 

presented the method of using IFT to automatically tune for a specific bandwidth and phase 

margin. It is worth to note that tests were conducted under laboratory environment with several 

IFT estimations performed analytically as opposed to experimentally. 

In 2007, IFT was implemented on a servo controller used for hard disk drive head 

positioning [124]. A standard IFT algorithm with a cost function containing a time weighting on 
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the transient was used. The control system was implemented on a dSPACE® DS1103 PPC 

controller board. The performance improved dramatically after running the IFT algorithm. After 

6 iterations, a 1ms settling time with negligible overshoot was achieved compared to the original 

4ms with 15% overshoot. The authors commented that the automatic tuning method not only 

improves the performance, but could also help maintaining the efficiency of hard disk drives 

overtime. This shows that the IFT technique was not only suitable for the process industry where 

the system response in a slower manner, but it is also suitable for fast acting and responding 

systems. 

IFT was also implemented to tune a typical cascading control structure, consisting of speed 

and position control of a permanent magnetic brushless servo motor [125]. The inner loop 

controls the speed and the outer loop controls the position. This type of cascading structure is very 

common with servo motor control systems. In the literature, the speed control loop was tuned 

independently to the position control loop, with the inner speed loop being tuned first. It was 

found that for both loops, the implementation of IFT was successful, and reduced the tracking 

error significantly as compared to classical methods such as the Ziegler-Nichols method. However, 

the authors noted that in their case, a manual improvement can still be made after the IFT process. 

The feasibility of implementing IFT and myopic unfalsified control algorithm into a 

microcontroller was studied in [126]. Motorola DSP56F807C and ARM 7024 microcontrollers 

met the required specifications performance wise and were used for this study. In this case, the 

myopic UC algorithm had the edge in simulation. 

IFT has been utilised to control ionic polymer metal composite (IPMC) materials for the past 

few years. IPMCs are flexible smart material which can be used as both actuators and sensors. 

When used as actuators, IPMCs in a cantilever configuration are able to bend when a voltage is 

applied across it. While IPMCs are intrinsically excellent transducers due to properties such as 

power consumption and biocompatibility, they experience back relaxation and hysteresis which 

greatly affect control system performance [127]. Moreover, models for IPMC materials are 

currently not well developed, which suggests that IFT could be ideal for tuning IPMC controllers. 

In [127], IFT is used to tune the position control of a rotary joint actuator to improve the 
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performance of the constant gain PI controller. McDaid et al. further developed the controller 

tuning by adopting a gain scheduling scheme [128]. IFT was used to tune a range of different 

target values and the controller gains were interpolated. An online form of the IFT controller is 

implemented on an IPMC actuator used for microfluidics in [129]. This development proves that 

it is possible to tune and control the system simultaneously, which is important in a significant 

number of practical applications, including in rehabilitation. 

Apart from IPMC, there is limited literature on the implementation of IFT on robotic devices. 

One notable case is in [130] where IFT was used to tune the joint controllers for a 7 degrees-of-

freedom arm manipulator. 

Other notable practical applications of the IFT technique include a thermal cycling module 

used to bake and chill material substrates in microlithography applications in [131]; the simulated 

tuning of a regulator for a flexible transmission system in [132]; simultaneous tuning of a PID 

cluster for a boiler system in [113]; and the simulated tuning of freeway traffic ramp metering in 

[133]. 

2.5. Rehabilitation and Iterative Learning Control 

While the use of iterative learning control has been increasingly prevalent in the past decade 

in industrial applications, the application of iterative learning algorithms in rehabilitation has not 

been well-explored [80]. In 2009, IFT was employed to simulate the forward dynamics of a 

walking human, minimising the tracking error iteratively [134], where a modified PID controller 

tuned using IFT was proposed to stabilise the movement of the lower extremity joint profile. In 

[135], ILC was used to model the inverse dynamics of the passive torque of hip and knee joints, 

and the same procedure was performed on  shoulder and elbow joint torques in [136]. 

In terms of rehabilitation devices, iterative learning control as a whole has not been widely 

implemented. The most prominent case for the application of ILC on a rehabilitation device is the 

control of functional electrical stimulation for upper limb movement and rehabilitation presented 

in [137-142].  Few other previous studies also invoke the use of ILC on rehabilitation platforms. In 

[143], a form of iterative learning control was implemented on the Lokomat to synchronise the leg 
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and treadmill movements, and was tested on patients in [144]. A PID based iterative learning 

control was implemented on a PMA driven upper limb robot, and was shown to be able to adapt 

between two different patients [58]. Another PID based gait robot incorporating a rehabilitation 

strategy inspired by a form of ILC algorithm is presented in [145]. In [146], an iterative learning 

control using Genetic Algorithm as a base was implemented on a PMA driven wearable ankle 

rehabilitation device to identify the operating parameters for the fuzzy logic controller. As for the 

iterative feedback tuning technique, there is no reported literature on the specific combination of 

IFT and rehabilitation devices. 

2.6. Discussion 

There is a wide variety of rehabilitation robots currently under research. Rehabilitation 

robots are designed based on usage and performance requirements. Different kinematic 

configurations are available which provide different performance characteristics. These robots are 

also powered using different actuator types based on different requirements. Again when it comes 

to control, different decisions are made in order to improve the safety and robustness of the 

devices researched. Ultimately, the quest for robustness sets the stage for an advanced type of 

control called iterative learning control. 

Iterative learning control has been in development since the early 1990s, and has currently 

gathered a lot of interest for further research. ILCs can be classified into model-based and model-

free techniques which have their own advantages and disadvantages. From the perspective of 

rehabilitation, the model-free method is a better fit. Several options are also available for the 

model-free ILC methods, with iterative feedback tuning technique the standout when combined 

with rehabilitation due to its advantages in dealing with repetitive trajectories, and easy 

implementation on a wide variety of control structures. 

Since the introduction of IFT, various advancements in both theoretical and applications 

have been proposed. However, gaps still exist where further improvements to both the algorithm 

and the application aspects can be made. As there are flexibilities in the IFT algorithm which are 

up to the system designer, gains can be made by studying these flexibilities. The Hessian matrix 𝑅𝑅𝑖𝑖 

33 



 
 
Literature Review 

 
 
can take on different forms which may provide different performances. The design criterion is 

also a flexibility which can be investigated. 

In terms of application, specifically when it comes to rehabilitation, there is no reported 

studies performed using IFT as the advanced iterative learning algorithm. In fact, the usage of ILC 

in the field of rehabilitation is still in its infancy. These issues provide the basis for this research, 

which will aim to plug a number of gaps on the theoretical front as well as on the application front. 

The exploration into the algorithm combined with the case studies on rehabilitation devices in 

this research will contribute significantly to the knowledge domain of both iterative learning 

control and rehabilitation. 

2.7. Chapter Summary 

In this chapter, a comprehensive review was conducted. Rehabilitation strategies recommend 

a well-designed, often repeated exercise approach to rehabilitation, with results showing rapid 

improvements in patient outcome within the first month. The features of current rehabilitation 

robots were presented, and the issues facing current control strategies were identified. Of 

particular concern is the lack of robustness of robot control in order to adapt to the users and 

types of exercise. A suitable iterative learning control in the form of iterative feedback tuning has 

the potential to alleviate this issue. The state of the art of the iterative feedback tuning technique 

was presented which identifies opportunities to further enhance both the tuning technique itself as 

well as its application in rehabilitation. 
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A Comparative Study of IFT Optimisation 

Algorithms for Rehabilitation 

3.1. Introduction 

In terms of performance of the iterative feedback tuning technique, the optimisation 

algorithm is one of the determining factors in the overall tuning performance. A better 

performing algorithm converges faster, and is less likely to be stuck at a local minimum, which 

ultimately result in a lower design criterion value 𝐽𝐽(𝜌𝜌). 

Apart from the Gauss-Newton algorithm presented in [95], other optimisation algorithms 

can also be used, and all of which are derivatives, or approximated versions of the original 

Newton’s method. The other two algorithms studied in this chapter are the Levenberg-Marquardt 

(LM) algorithm and the Broyden, Fletcher, Goldfarb, and Shanno (BFGS) Quasi-Newton (QN) 

algorithm. While all three optimisation algorithms can be used in IFT, no comparative study on 

the differences in properties and performance has been reported in literature, which presents an 

area of interest for further research. All three algorithms considered were gradient based, as 

gradient based optimisation algorithms can be easily implemented on various systems and they 
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have a strong track record of performance reliability. The Gauss-Newton algorithm is also one of 

the most commonly used optimisation algorithms across all industries and disciplines in wide 

array of settings. 

As discussed previously, the IFT algorithm requires a set trajectory to be run multiple times 

in order to calculate the next iterate, and repeated tasks are well suited for application in robotic 

devices [147]. Therefore synergy exists between robotic rehabilitation devices and the IFT 

technique. The experimental study conducted in this section is a pair of pneumatic muscle 

actuators (PMA) in a rotational one degree-of-freedom arrangement. In the field of rehabilitation, 

the usage of PMAs is still a novel idea, but is starting to see wider applications and is gaining more 

research interest in recent years. PMAs have advantages in terms of material and mechanical 

properties, but they also have disadvantages in terms of controller tuning due to its non-linear 

properties. This presents an interesting case for the application of IFT, as IFT is traditionally 

designed for use in LTI systems. 

3.2. Gradient Based Optimisation Algorithms 

3.2.1. The Newton’s method 

As the Gauss-Newton method and several other methods are formed on the basis of the 

original Newton's method4, it is imperative that the base method is explained first. The Newton’s 

method attempts to maximise or minimise (in IFT's case, minimise) a local quadratic 

approximation to the overall cost function by using the first few terms of the Taylor series [148]. 

Consider the approximated derivative of the function to be minimised in (3.1), with respect to 

parameter 𝑥𝑥, where ℎ is the search direction: 

𝐹′(𝑥𝑥 + ℎ) ≈ 𝐹′(𝑥𝑥) + 𝐹′′(𝑥𝑥)ℎ (3.1) 

4 The Newton’s method is also known as the Newton-Raphson method. It was first proposed by Sir Isaac 
Newton in 1669 as a way to solve polynomial equations, and was then extended in 1690 by Joseph Raphson into 
an iterative method. In 1740, Thomas Simpson described the method using calculus which is close to the form 
used today. 
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By equating (3.1) to zero, one can find the roots to 𝐹(𝑥𝑥). Given if 𝐹(𝑥𝑥) is a twice 

differentiable function, the search direction ℎ can be calculated using the following equation: 

−𝐹′(𝑥𝑥) = 𝐹′′(𝑥𝑥)ℎ (3.2) 

The iterative formula for finding the root of 𝐹(𝑥𝑥) is then defined by: 

𝑥𝑥𝑘+1 = 𝑥𝑥𝑘 + ℎ𝑘 (3.3) 

If 𝐹′′(𝑥𝑥) in (3.2) is positive definite, the Newton's step is guaranteed to be downhill, and a 

local minimum root will be reached. 

For multiple dimensions or parameters, 𝐹′(𝑥𝑥) is replaced by the gradient ∇𝐹(𝑥𝑥) where: 

∇𝐹(𝑥𝑥) =

⎣
⎢
⎢
⎢
⎡
∂F(x)
∂x1
⋮

∂F(x)
∂xn ⎦

⎥
⎥
⎥
⎤

𝑛×1

 (3.4) 

and 𝐹′′(𝑥𝑥) becomes the Hessian matrix 𝐻. If the Hessian matrix is positive definite, the Newton's 

method is guaranteed downhill. If the starting point is close enough to a solution, then the 

Newton's method gives rapid convergence. However, away from the solution, where the function 

is often poorly approximated with a quadratic, this method will experience slow convergence or 

does not converge at all. 

3.2.2. The Gauss-Newton algorithm 

The Gauss-Newton algorithm is a modification of the original Newton's method with a line 

search component added. It is specifically designed to solve the least squares problem in the 

following form: 

𝐹(𝑥𝑥) =
1
2�𝑟𝑡2(𝑥𝑥)

𝑁

𝑡=1

 (3.5) 
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If 𝑟(𝑥𝑥) is defined as the vector of the residual errors 𝑟1(𝑥𝑥) through to 𝑟𝑁(𝑥𝑥), the gradient 

∇𝐹(𝑥𝑥) becomes: 

∇𝐹(𝑥𝑥) = 𝐿(𝑥𝑥)𝑇𝑟(𝑥𝑥) (3.6) 

where 𝐿(𝑥𝑥) is the Jacobian matrix, and the Hessian matrix 𝐻 becomes: 

 𝐻 = 𝐿(𝑥𝑥)𝑇𝐿(𝑥𝑥) + �𝑟𝑡(𝑥𝑥)𝑟𝑡′′(𝑥𝑥)
𝑁

𝑡=1

 (3.7) 

The derivation can be found in [148]. As the terms 𝑟𝑡′′(𝑥𝑥) are relatively small close to the 

solution, the second part of (3.7) can be dropped. This is significant because in many cases, as it is 

usually relatively easy to calculate the Jacobian matrix 𝐿(𝑥𝑥). Equation (3.8) becomes the 

approximate Hessian 𝐻�: 

 𝐻 ≅ 𝐻� = 𝐿(𝑥𝑥)𝑇𝐿(𝑥𝑥) (3.8) 

 Therefore combined from (3.2), it is possible to now solve for the gradient as well as the 

Hessian shown in (3.8), and by rearranging the equation, the search direction ℎ can be estimated: 

−𝐿(𝑥𝑥)𝑇𝑟(𝑥𝑥) = 𝐿(𝑥𝑥)𝑇𝐿(𝑥𝑥)ℎ (3.9) 

The iterative formula from (3.2) with the addition of a line search component becomes the 

following, where 𝛾𝛾𝑘 is a variable positive value determining the step size, and ℎ𝑘 is now the Gauss-

Newton estimated search direction for the 𝑘th iteration: 

𝑥𝑥𝑘+1 = 𝑥𝑥𝑘 + 𝛾𝛾𝑘ℎ𝑘 (3.10) 

As seen from (3.9), both the gradient and the approximate Hessian matrix now depend only 

on the Jacobian matrix, which ensures the calculations are fast and inexpensive, and thus is an 

improvement on the original Newton's method. The Gauss-Newton method guarantees the 

descend direction if 𝐽𝐽(𝑥𝑥) is full rank and the gradient ∇𝐹(𝑥𝑥) is nonzero. It also shares the 
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advantage of the Newton's method by being fast convergent with small error residuals when close 

to the solution. 

For the implementation of IFT on a system with controller parameter vector 𝑥𝑥, (3.5) is the 

design criterion to be minimised, (3.9) is then used to obtain the search direction ℎ, and finally 

(3.10) is used to determine the controller parameters for the next iteration. 

3.2.3. The Levenberg-Marquardt algorithm 

An issue with the Newton's or the Gauss-Newton method is that when the starting point is 

far away from the solution, the method may lead to oscillations which result in divergence from 

the solution. The Levenberg-Marquardt algorithm proposed by Levenberg in 1944 and again by 

Marquardt in 1963 improves the convergence issue [149, 150]. The algorithm is similar to Gauss-

Newton for using the approximation to the Hessian matrix, but replacing the line search 

component with a trust-region like restriction. By damping the Hessian estimation in (3.9) with 

the addition of a scaled identity matrix, the following equation is obtained: 

−𝐿(𝑥𝑥)𝑇𝑟(𝑥𝑥) = [𝐿(𝑥𝑥)𝑇𝐿(𝑥𝑥) + 𝜇𝐼]ℎ (3.11) 

The 𝜇𝐼 term is used to modify the descent direction and step size. When 𝜇𝐼 is large relative 

to 𝐿(𝑥𝑥)𝑇𝐿(𝑥𝑥), ℎ tends towards the steepest descent direction method: 

ℎ ≈ −(𝜇𝐼)−1𝐿(𝑥𝑥)𝑇𝑟(𝑥𝑥) (3.12) 

This search technique is good for when the result of the current iteration is far from the 

solution. When the value of 𝜇𝐼 approaches zero, the Levenberg-Marquardt method becomes the 

same as the Gauss-Newton method, which is the best method for when the iterate is close to the 

solution. The next iterate can be found using the same method as the Gauss-Newton algorithm 

using (3.10). 

The term 𝜇, also called the Marquardt parameter, is controlled by a gain ratio of the actual 

reduction in error to the estimated reduction in error by the model, calculated with the following 

equation: 
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𝜂 =
𝐹(𝑥𝑥)− 𝐹(𝑥𝑥 + ℎ)

1
2ℎ

𝑇�𝜇ℎ − ∇𝐹(𝑥𝑥)�
  (3.13) 

If 𝜂 is large, it means the actual reduction is more than the predicted reduction, indicates that 

a larger step size may be used. So 𝜇 is decreased, which effectively expands the radius of the trust 

region and makes the result of (3.12) larger. And if 𝜂 is small or even negative, then µ needs to be 

increased, thus tightening the trust-region radius. 

In [151] it is argued that the discontinuation in the traditional strategy for the update of 𝜇 

causes oscillations and can result in slow convergence. The new method introduced an algorithm 

in which 𝜇 is to be updated progressively based on the value of 𝜂 and a new update factor 𝜈. This 

method of update is adopted in this research. Therefore, the update strategy for 𝜇 is: 

𝜇 = �max �
1
3 , 1 − (2𝜂 − 1)3� , 𝜂 > 0

𝜇 × 𝜈, 𝜂 ≤ 0
 (3.14) 

where the 𝜇 update factor 𝜈 has an rule of: 

𝜈 = � 2, 𝜂 > 0
2𝜈, 𝜂 ≤ 0 (3.15) 

It is important to note that when 𝜂 ≤ 0, the next iterate is not calculated as the direction is 

not downhill. The Levenberg-Marquardt method is theoretically more robust compared to the 

Gauss-Newton method, as it can accommodate the starting point being far from the solution. 

However, the trade-off is that the Levenberg-Marquardt method usually takes far more iterations 

to reach the solution, especially when the initial conditions are already close to a local minimum. 

3.2.4. The BFGS Quasi-Newton algorithm 

The Quasi-Newton algorithm was first developed by W.C. Davidon in 1959, as a way of 

simplifying the Newton’s algorithm iterations so they would compute faster, and it was tested to 

be more reliable and much faster than other existing methods at that time. Quasi-Newton 

algorithms share similarities with the steepest descent method, and in turn the Gauss-Newton and 
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the Levenberg-Marquardt algorithms, in which only the gradient of the objective function is 

required. As opposed to the other two methods, where the Hessian matrix estimation is estimated 

purely based on the gradient of the current iteration, the Quasi-Newton algorithm uses a different 

strategy. By measuring the changes between gradients, a model can be created and used to find the 

descent path. One of the most commonly used Hessian generation method is the Broyden, 

Fletcher, Goldfarb, and Shanno algorithm [152]. Equation (3.16) uses the BFGS formula 𝐻�𝑘 to 

iteratively approximate the Hessian 𝐻�: 

𝐻�𝑘+1 = 𝐻�𝑘 +
𝑦𝑦𝑘𝑦𝑦𝑘𝑇

𝑦𝑦𝑘𝑇𝑠𝑘
−
𝐻�𝑘𝑠𝑘(𝑠𝑘)𝑇𝐻�𝑘

(𝑠𝑘)𝑇𝐻�𝑘𝑠𝑘
 (3.16) 

where 𝑠𝑘 = 𝑥𝑥𝑘+1 − 𝑥𝑥𝑘, and 𝑦𝑦𝑘 = ∇𝐹(𝑥𝑥)𝑘+1 − ∇𝐹(𝑥𝑥)𝑘. If (𝑦𝑦𝑘)𝑇𝑠𝑘 > 0 does not hold for the next 

iteration, then 𝐵𝑘+1 is set to 𝐵𝑘+1 = 𝐵𝑘 > 0. 

Compared to the other two optimisation algorithms, the BFGS QN algorithm constructs the 

approximate Hessian for the next iteration 𝐻�𝑘+1 using the approximated Hessian 𝐻�𝑘 from the 

current iteration, which also contains information about all previous iterations of 𝐻�𝑘. The 

following properties of the BFGS update rule are well known, which will aid in the search process: 

• If 𝐻�𝑘 is symmetric, then 𝐻�𝑘+1 is also symmetric. This is the requirement of the 

Hessian approximation matrix. 

• If 𝐻�𝑘 is positive definite and (𝑦𝑦𝑘)𝑇𝑠𝑘 > 0, then 𝐻�𝑘+1 is also positive definite, this 

means one can start with an positive definite matrix which will satisfy the descent 

criteria. 

The BFGS QN algorithm has been studied to show that it has some global convergence 

properties for both convex and non-convex problems [153]. Furthermore, it also has a superlinear 

convergence rate even when far away from the minimum, although the first few iterates tends to 

have worse results compared to the Gauss-Newton algorithm. In addition it is more 

computational intensive than the other methods studied here. 
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3.3. Comparison of Algorithms in Simulation 

3.3.1. Simulation parameters 

The three optimisation algorithms were compared against each other in simulation to 

examine their performances under ideal conditions. The experimental parameters used are 

adapted from Lequin et al. in [97]. The reasons for this adaptation of parameters are twofold. First, 

by keeping experimental parameters identical to the ones in the literature where known, each 

algorithm can be validated to ensure that it is suitable for the purpose of IFT by minimising its 

design criterion adequately when compared to the classical Ziegler-Nichols (ZN) manual tuning 

process. Second, the systems used in the literature presents the algorithms with a good variety of 

platforms to simulate on in order to test the robustness of each algorithm under simulation 

conditions. Note that since not all parameters from [97] are available, the results of the Gauss-

Newton tuning algorithm may not be identical to the results from the literature, though they 

should be similar. 

The design criterion used is shown in (3.17), which is a modified version of the one in (2.4) 

on Page 24. While this design criterion appears slightly different to the one from [97], their 

derivatives are both the same, and therefore these two design criteria should perform identically. 

Note the inclusion of the masking term 𝑡0 enables the rise time to be eliminated from the 

calculation of 𝐽𝐽(𝜌𝜌), as only the steady state part and not the transient part of the response is 

considered. This is because most of the time when examining a step response one does not care 

about the transient, as long as the performance of the steady state is optimised.  

𝐽𝐽(𝜌𝜌) =
1

2𝑁�(𝑦𝑦�𝑡(𝜌𝜌)2)
𝑁

𝑡=𝑡0

 (3.17) 

The control system used is shown in Figure 3.1, where 𝑟 is the reference input, 𝑢 is the output 

from the controller, and 𝑦𝑦 is the system output. The controller design a cascading two degrees-of-

freedom one in the form 𝐶(𝜌𝜌) = [𝐶𝑟(𝜌𝜌) 𝐶𝑦𝑦(𝜌𝜌)], where 𝐶𝑟(𝜌𝜌) is a standard PI controller and 

𝐶𝑦𝑦(𝜌𝜌) is a standard PID controller. The two controllers share the same parameters where possible. 
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Figure 3.1: Two degrees-of-freedom closed loop control system for simulation. 

The two simulated systems tested are shown in (3.18) and (3.19): 

𝐺1(𝑠) =
1

1 + 20𝑠 𝑒
−5𝑠 (3.18) 

𝐺2(𝑠) =
1 − 5𝑠

(1 + 10𝑠)(1 + 20𝑠) (3.19) 

A step input is applied as the reference input signal when 𝑡 = 0. The discrete sampling time 

chosen for the simulation is 0.01s. The ZN manual tuning method PID parameters for each 

system were obtained from [97]. For each system, the starting PID parameters used for all 

optimisation algorithms were chosen to give an overdamped response. This is to ensure that 

system resonance does not come into play [94]. Each algorithm was run for 20 iterations to allow 

the tuning process to settle, to ensure that the result is optimised, as well as to ascertain that the 

optimisation algorithms are stable. 

3.3.2. Simulation 1: first order LTI system with delay 

For the first simulation, the system is a simple first order one with a 5s delay. The starting 

PID parameters are chosen to be 𝐾𝑃 = 1, 𝐾𝐼 = 0.1, and 𝐾𝐷 = 5, and the masking term 𝑡0 is 

reduced from 70s to 10s in 20s steps. The responses are plotted in Figure 3.2, where the 

perturbations at the start of the responses are from the discrete Padé approximation of the system 

delay. It can be observed that all three IFT optimisation algorithms yield significant improvement 

from the Ziegler-Nichols manual tuning result. The three algorithms performed almost identically. 

As this is a relatively simple system, performance differences between optimisation algorithms 

cannot be established by simply observing the end of tuning results. Table 3.1 shows that all three 

algorithms have arrived at very similar PID parameters and the tuned system produced almost 

identical final design criterion values. 
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Figure 3.2: Comparison of IFT tuning methods and the ZN manual tuning method for 

simulated system 𝑮𝟏(𝒔). 

Table 3.1: Comparison of parameters obtained after optimisation for system 𝑮𝟏(𝒔) 

 ZN manual GN IFT LM IFT BFGS QN IFT 

𝑲𝑷 4.059 3.596 3.595 3.481 

𝑲𝑰 0.438 0.129 0.129 0.126 

𝑲𝑫 9.384 7.503 7.496 6.355 

𝑱(𝝆) - 1.078 × 10−4 1.078 × 10−4 1.032 × 10−4 

     

Further analysis can be performed on the design criterion value profile for each optimisation 

algorithm, shown in Figure 3.3. The lightly green shaded region indicates iterations where the 

masking term 𝑡0 is still reducing, which lasted for four iterations. Consequently, the trend for each 

profile only becomes meaningful after that point. However, the relative performance comparisons 

between algorithms are still valid through the full 20 iterations. It is observed that all algorithms 

were successful in reducing the target design criterion to a similar level, but the Gauss-Newton 

algorithm has a different trend to the other two candidates. The GN algorithm had a superior 

profile and was able to optimise the system by iteration 6, whereas the other two algorithms could 

only do it by the 14th iteration. 
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Figure 3.3: Comparison of the design criterion value 𝑱(𝝆) for simulated system 𝑮𝟏(𝒔). 

The shaded region indicates the iterations where the mask 𝒕𝟎 is still reducing. 

For the LM algorithm, the Marquardt value 𝜇 that indicates the size of the trust region can be 

examined. As shown in Figure 3.4, the 𝜇 value has a fluctuating but overall decreasing trend until 

the 8th iteration, where it then stayed until the end of the tuning process. As a decreasing 𝜇 

indicates an enlarged trust region, this means that the optimisation surface of the controller 

parameter values is an easy one, and the algorithm had no issues with a large trust region. Another 

interesting observation is the overall shape of the 𝜇 value profile, which is almost identical to the 

Gauss-Newton 𝐽𝐽(𝜌𝜌) value profile. This is a pure coincidence as the scales of the two plots are 

different, with 𝐽𝐽(𝜌𝜌) values being plotted on semi-logarithmic axes while the 𝜇 values are plotted 

on linear axes. 

 
Figure 3.4: 𝝁 value profile of the LM tuning method for simulated system 𝑮𝟏(𝒔). The 

shaded region indicates the iterations where the mask 𝒕𝟎 is still reducing. 
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3.3.3. Simulation 2: non-minimum phase zero system 

The significance of this simulated system is that it is a non-minimum phase zero system. The 

starting PID parameters were chosen to be 𝐾𝑃 = 1.5, 𝐾𝐼 = 0.1, and 𝐾𝐷 = 5, and the masking 

term 𝑡0 is reduced from 110s to 30s in 20s steps. The responses are plotted in Figure 3.5. Again, all 

three optimisation algorithms performed significantly better than the ZN manual tuning method. 

There appear to be some variations among the three candidates, though the differences are not 

significant enough to warrant a winner. While the Gauss-Newton algorithm system error is 

slightly higher than the other two algorithms, all three algorithms performed similarly enough to 

produce highly desirable responses. The final controller parameters and the 𝐽𝐽(𝜌𝜌) values are shown 

in Table 3.2. 

 
Figure 3.5: Comparison of IFT tuning methods and the ZN manual tuning method for 

simulated system 𝑮𝟐(𝒔). 

Table 3.2: Comparison of parameters obtained after optimisation for system 𝑮𝟐(𝒔) 

 ZN manual GN IFT LM IFT BFGS QN IFT 

𝑲𝑷 3.529 1.716 1.687 1.676 

𝑲𝑰 0.210 0.052 0.050 0.049 

𝑲𝑫 14.800 4.967 4.982 4.998 

𝑱(𝝆) - 2.417 × 10−4 1.446 × 10−4 1.416 × 10−4 

     

By comparing the relative trends of the design criterion value profiles, it can be seen from 

Figure 3.6 that again the GN algorithm maintained a steady and low profile. Though by the 9th 
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iteration, it appears to be stuck in a local minimum, and starts to oscillate between a higher and a 

lower value. The other two algorithms did not get stuck, which provides the explanation of lower 

final 𝐽𝐽(𝜌𝜌) values. It is worth noting that the semi-log scale used has a tendency to magnify the 

differences when the values are small, and thus it can still be concluded that all three algorithms 

performed well in this simulation. It can also be seen that the BFGS QN algorithm started off at a 

much worse 𝐽𝐽(𝜌𝜌) value, which was stated previously as one of the drawbacks of the algorithm. 

 
Figure 3.6: Comparison of the design criterion value 𝑱(𝝆) for simulated system 𝑮𝟐(𝒔). 

The shaded region indicates the iterations where the mask 𝒕𝟎 is still reducing. 

The 𝜇 value for the LM algorithm is examined in Figure 3.7. It can be observed that the trust 

region size stayed relatively constant when the time mask is reducing, then decreased to a 

minimum value until the 18th iteration. The significant rise towards the end indicates that the 

algorithm felt that it encountered a more complex optimisation surface and has decreased the 

trust region size significantly, resulting in a local minimum being reached. 
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Figure 3.7: 𝝁 value profile of the LM tuning method for simulated system 𝑮𝟐(𝒔). The 

shaded region indicates the iterations where the mask 𝒕𝟎 is still reducing. 

3.4. Experimental Setup 

As all algorithms were able to successfully optimise both simulated systems, it warrants all 

three candidates to be tested in experimentally on a test platform powered by a pair of pneumatic 

muscle actuators. An introduction to the PMA technology and the experimental setup are 

described in this section. 

3.4.1. Pneumatic muscle actuator platform 

A pneumatic muscle actuator is a simple actuator that is similar in action to a human skeletal 

muscle [154]. The McKibben type PMA consists of a thin-walled rubber bladder inside an axially 

stiff sheath. As air pressure increases inside the bladder, the diameter of the bladder and sheath 

expands, resulting in a contraction along the axial direction. This shortening of the axial direction 

generates rapid yet high powered actuation along that direction. 

PMAs have some advantages over traditional actuators. They have a high power to weight 

and power to volume ratios that is up to five times higher than electric motors or hydraulic 

actuators. These qualities make pneumatic muscles very attractive for rehabilitation devices. 

Furthermore, unlike traditional rigid actuators, PMAs are able to provide compliance which is 

critical in wearable robots, presenting a lower risk of injury to the end user in the event of 

structural failure [155]. 
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Apart from the PMAs advantages, they also have several key disadvantages, particularly when 

it comes to control. The cross-sectional area of the inner bladder expands proportionally to the 

square of the diameter and the outer sheath also moves, with the gas inside the bladder also being 

compressible. As modelled in [154] through empirical experimentation, the spring stiffness, the 

mechanical contractile force, as well as the damping force can be considered a function of the air 

pressure, and the pressure is also the control signal. These indicate that systems utilising PMAs 

will be time varying and nonlinear, thus pose an interesting challenge in terms of control. 

Furthermore, these pneumatic muscle actuators through general wear and tear will change their 

material characteristics permanently. This means that the controller parameters will have to be 

retuned over time. The slow response also adds complexity in terms of controller design and 

tuning. All of these indicate that this type of actuation is a prime candidate for the implementation 

of a robust model-free ILC algorithm. 

As PMAs are only able to provide actuation force in a single direction, two nearly identical 

pneumatic muscle actuators were used to set up the testing platform to simulate a knee or elbow 

joint mechanism for a rehabilitation device. The PMAs used were commercially available 

components manufactured by Shadow Robots, with dimensions of 30mm in diameter, 340mm in 

length, and 6mm in wall thickness. A rotating disk converts linear contractile forces into 

rotational torques. This torque then lifts a mass which simulates the weight of a human limb. The 

mass attached to the disk is free rotating so that the weight stack remains vertical at all times. A 

schematic drawing of the test platform is shown in Figure 3.8, where a mass of 5kg was used. 
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Figure 3.8: Schematic drawing of the pneumatic muscle actuator test platform setup. A 

pressure sensor is attached to each inlet in order to enable the measurement and control 
of pressure in each PMA unit. 

An air pressure of 250kPa was supplied by an air compressor and regulator. This is a safe 

pressure to operate the PMAs at and is enough to rotate the 5kg mass at a reasonable speed. A 

rotary potentiometer was attached to the rotating disk to facilitate angular position feedback. 

MATLAB® and Simulink® in conjunction with a dSPACE® embedded controller board was used to 

implement the algorithms. The complete experimental setup is shown in Figure 3.9. 

   
Figure 3.9: Complete test system setup showing the antagonistic PMA arrangement, 

with a detailed view of the angular position feedback using a potentiometer. 
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3.4.2. Control system 

A two degrees-of-freedom cascading type control system was employed. A block diagram of 

the closed loop system is shown in Figure 3.10. The outer control loop regulates the angular 

position, and each of the inner control loops regulates air pressure in each PMA. The inner 

pressure controllers 𝐶𝑃,𝐿 and 𝐶𝑃,𝑅 are tuned proportional-integral (PI) controllers which receives 

the desired change in pressure from the outer loop. This desired change in pressure is added to a 

nominal pressure 𝑃0. This nominal pressure value is set at 100kPa for all experiments, and 

compliance can be achieved by altering this nominal pressure value. For the experiments, inner 

control loop input 𝑢 is saturated at ±70kPa to ensure each PMA stays inside its operating pressure 

window at all times. This is due to the inherit properties of a PMA where the length increases 

initially with pressure, to a maximum at around 30kPa above atmosphere, then the actuator enters 

its operating pressure window and decreases in length with further increase in pressure. The IFT 

algorithms tune the outer control loop only, where 𝐶𝑟  is a PI controller and 𝐶𝑦𝑦 is a standard PID 

controller. The proportional and integral gains for both 𝐶𝑟  and 𝐶𝑦𝑦 are set to be common values 

across both controllers. The PID parameters are collected and optimised in a vector 𝜌𝜌 =

[𝐾𝑃 𝐾𝐼 𝐾𝐷]𝑇. 

 
Figure 3.10: Two degrees-of-freedom cascading control system. 

The design criterion here is a flexible choice, depending on the specific performance 

requirement. For the experiment, a different design criterion to the one used in simulation was 

used, where a balance of the system error 𝑦𝑦� and the control action 𝑢 allows for a trade-off between 

error and control action, as introduced in (2.9) on Page 26. For this system, the value of 𝜆 was 

51 



 
 
A Comparative Study of IFT Optimisation Algorithms for Rehabilitation

 
 
chosen empirically by testing different values and selecting one that produced the best results, 

which is discussed in more detail in a later section. 

𝐽𝐽(𝜌𝜌) =
1

2𝑁�
(𝑦𝑦�𝑡(𝜌𝜌)2 + 𝜆𝑢𝑡(𝜌𝜌)2)

𝑁

𝑡=1

 (3.20) 

Unlike in simulation, a masking term cannot be applied here, as the experiments and 

iterations are run continuously, and the PMAs are not reset to its initial positions between each 

experiment and iteration. This is done so the system tuning process is in fact online, and 

rehabilitation trajectories are often cyclical. 

While a sinusoidal wave is better for the input reference signal, as it is closer to an actual 

rehabilitation trajectory, the performance of the response cannot be easily observed, and the 

differences between optimisation algorithms are more difficult to distinguish. A reciprocating 

square wave reference input with an amplitude of 25 degrees was selected in order to keep the 

waveform cyclical, and to allow the system to settle between each reference input movement. Each 

reference setpoint step in the square waveform is held at a position for 5s, with the entire cycle set 

to 20s long. 

3.5. Experimental Results 

It is always important to establish a baseline performance to enable comparison. First, the 

system was tuned using the classical Ziegler-Nichols manual tuning method. The ZN tuning 

process yielded an ultimate gain of 1.8, with an oscillation period of 0.10s. This produced a set of 

controller parameters of 𝐾𝑃 = 1.08, 𝐾𝐼 = 21.6, and 𝐾𝐷 = 0.0135. Each IFT algorithm was 

allowed to run for ten iterations to give the tuning process enough time to settle. The starting PID 

parameters were set to give an overdamped response, with 𝐾𝑃 = 0.5 𝐾𝐼 = 0.01, and 𝐾𝐷 = 0.01, 

which were kept the same for all following tests. 

3.5.1. Comparison of 𝝀 values for the BFGS QN algorithm 

The choice of 𝜆 is dependent on each individual system and the desired tuning performance. 

Different 𝜆 values are explored for the case of the BFGS QN algorithm, and the result is shown in 
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Figure 3.11. It is evident that a higher 𝜆 would give a more stable response, but at the cost of 

tracking accuracy, and while a lower 𝜆 would give a good tracking accuracy, but results in high 

frequency oscillations around the desired response as the gains become too high to maintain 

stability. 

 
Figure 3.11: Comparison of 𝝀 values for the BFGS QN algorithm. 

Consequently, the weighting factor 𝜆  is set to 50 for the following subsections for 

experiments comparing between the optimisation algorithms. This aims to give a good balance 

between minimising the error and dampening the high control action required for error 

minimisation. 

3.5.2. Comparison of optimisation algorithms 

Figure 3.12 shows the comparison of the tuned responses for the three IFT algorithms. The 

settling times as well as overshoots for all three IFT methods are significantly smaller than that for 

the ZN manual method. This demonstrates that the implementation of IFT on a PMA platform is 

successful, and that all three IFT optimisation algorithms are able to optimise the system even 

with nonlinearities presented. While BFGS Quasi-Newton method achieved the best looking 

response in terms of being the closest to the reference trajectory, some high frequency chattering 

can be observed between 15 and 19 seconds. The complete tuning progression of each 

optimisation algorithm is shown iteration by iteration in Appendix A. 
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Figure 3.12: Comparison of IFT tuning methods. 

Table 3.3 shows the final controller parameter values for the three algorithms. The ZN 

manual method generated an excessively high integral gain due to the high frequency oscillations 

during tuning. This explains the excessive overshoot experienced, and highlights why the ZN 

manual tuning method often does not achieve the desired system response. The LM algorithm 

resulted in a lower than expected proportional gain value as compared to the other tuning 

methods, and the result of this is evident in Figure 3.12, where the desired angles of ±25 degrees 

were never achieved. It can also be seen in Table 3.3 where the integral gains for GN and LM 

algorithms were reduced to zero, and as for the BFGS QN algorithm the integral gain stayed 

relatively constant throughout the test. While the result may seem to conform to common 

practices where a proportional-derivative controller is used instead of a full PID for the control of 

rehabilitation platforms, in this case the algorithm in theory should not be eliminating the integral 

gain unless it is more advantageous to do so. In [96] it is noted that the design criterion may have 

an effect on the stability of the integral gain. By using noise filtering techniques or a design 

criterion that emphasises the low frequency band of the system which ensures the necessity of the 

integral action, the issue may be remedied. Techniques such as a time weighted design criterion or 

the masking of the transient response may also help to increase the stability of the tuning 

algorithm. 
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Table 3.3: Comparison of controller parameters at the end of optimisation on the PMA platform 

 ZN manual GN IFT LM IFT BFGS QN IFT 

𝑲𝑷 1.08 1.262 0.818 1.169 

𝑲𝑰 21.6 0 0 0.013 

𝑲𝑫 0.0135 0.01 0.008 0.009 

     

If the system responses in each direction are examined independently, it can be seen that 

positive and negative joint angle directions would require different optimised controller 

parameters. More specifically, the negative direction would need a lower set of PID gains than the 

positive direction. This is particularly evident in the case of the Gauss-Newton result. In the GN 

algorithm result, the system failed to reach the positive setpoint within 5 seconds whereas the 

response for the negative direction was satisfactory. This can be attributed by the minor 

differences in each PMA, as well as the minor differences in each direction due things such as 

friction. This was not taken into account in the controller design where the same set of controller 

parameters is used for both PMAs. It also appears that the responses at a setpoint value of zero are 

worse to that than that of the positive and negative setpoints, which is most evident from the 

BFGS algorithm result. It is thought that this is a signal-to-noise ratio (SNR) issue. The SNR for a 

signal that is 25 degrees in amplitude is much larger than the SNR at around the zero joint angle 

position. The low SNR would cause an over-amplification of the noise in the system response 

resulting in oscillations for low setpoint values. Essentially, the control system needs to have an 

optimal reference tracking performance as well as an optimal disturbance rejection performance, 

which will require a more advanced control system design. 

The overall performances of the algorithms can be gauged by the profiles of the design 

criterion values, as shown in Figure 3.13. It can be noted that while initially all three algorithm has 

a downhill direction, the LM algorithm stagnates at a local minimum after the second iteration 

with only small improvements, which ultimately affects the final tuning performance. For the 

other two candidates, both are able to minimise design criterion by around the 4th iteration, where 

they slowly increase until the tuning process finishes. Final 𝐽𝐽(𝜌𝜌) values obtained are 21.45 for the 

GN algorithm, 23.98 for the LM algorithm, and 20.84 for the BFGS QN algorithm. 
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Figure 3.13: Comparison of the design criterion optimisation result for three IFT 

algorithms. 

For the Gauss-Newton and the BFGS Quasi-Newton algorithms, the cause of the increase in 

𝐽𝐽(𝜌𝜌) can be explored by examining the RMS error profiles of each tuning process, as shown in 

Figure 3.14. In essence, the RMS error value considers solely the 𝑦𝑦�𝑡(𝜌𝜌) part of the design criterion, 

which is the most prominent indicator for performance. It can be seen from the result that the 

Gauss-Newton algorithm actually has the least amount of RMS error throughout the tuning 

process. It is thought that the high frequency chatter experienced by the BFGS QN algorithm 

affects the overall RMS error and is therefore slightly higher than the GN algorithm result. It can 

also be noted that the LM algorithm has a decreasing RMS error until the 6th iteration and is 

steady thereafter. 

 
Figure 3.14: RMS error profile for the three IFT algorithms. 
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3.6. Discussion 

From the results presented, it is evident to see that all three tuning algorithms were able to 

optimise the system responses to a local minimum value. The Gauss-Newton algorithm and the 

Levenberg-Marquardt algorithm are similar in nature, but the LM algorithm in this scenario did 

not perform as well. The BFGS Quasi-Newton algorithm creates a model of the gradient as it 

changes, and therefore employs a completely different approach to the other two algorithms. 

An explanation of the poor LM algorithm performance is that the damping effect caused by 

𝜇𝐼 was significant throughout the experiment. It can be seen from Figure 3.15 that the trust region 

expands early on during optimisation, indicating that the algorithm is satisfied with the 

optimisation surface. As the overall 𝐽𝐽(𝜌𝜌) was still decreasing, albeit very slowly, 𝜇 was kept 

relatively low until towards the end of the tuning process. It is likely that the trust-region size was 

not large enough, and 𝜇𝐼 still dominated the Hessian matrix composition. It is also possible that 

the nonlinearity is significant enough to allow for the existence of multiple local minimums with 

large performance differences, and some form of dynamic compensation may be required to 

compensate for this nonlinearity thus giving the IFT algorithms a smoother surface to optimise. 

 
Figure 3.15: 𝝁 value profile of the LM tuning method from experiment showing a rapid 

decrease in the first few iterations with a slight rise towards the end of the tuning 
process. 

From purely the perspective of the final 𝐽𝐽(𝜌𝜌) value, the BFGS QN algorithm performed 

slightly better than the GN algorithm and much better than the LM algorithm. However, other 
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factors also need to be examined when considering the most appropriate optimisation algorithm 

for rehabilitation devices. 

One must keep in mind that the 𝜆 weighting factor also plays a significant role in the 

performance of the algorithms, with a lower value giving better tracking response but at the cost of 

control input and system stability. It is also important to keep in mind that in rehabilitation 

devices, the system tuning requirements should not change significantly iteration by iteration. 

Therefore, the stability of the tuning algorithms also needs to be considered. Throughout the 

BFGS QN algorithm experiments, it was observed that the system was not always stable every time. 

This detracts from the strict requirement of safety, meaning that the BFGS algorithm may not be 

completely suitable for tuning on rehabilitation devices. The convergence rates produced by the 

LM algorithms were slower for both simulated systems as well as for the PMA platform, indicating 

that the starting values in these situations are close enough to optimal already, which is to the 

detriment of the LM algorithm. In terms of the RMS error optimisation profile, it can be 

concluded that the GN algorithm produced the best initial gradient and reached a local minimum 

value extremely quickly. The single iteration spikes in the 5th and 9th iterations seen in Figure 3.14 

can be attributed to stochastic variability in testing. The GN algorithm performed the best in RMS 

error values and almost as good as the BFGS QN algorithm in the overall 𝐽𝐽(𝜌𝜌) value without any 

instabilities and high frequency chatter during experiments. 

Limitations still exist and potential performance improvements can be made. The 𝜆 value of 

50 used in all three physical experiments was based on experiments using the BFGS QN algorithm. 

It is possible that GN and LM algorithms need a different weighting factor to achieve the optimal 

performance, though this hypothesis is not tested. Additionally, the square waveform used in this 

preliminary study may not be suitable when it comes to actual rehabilitation exercises. A 

sinusoidal waveform is likely to be a better choice, and as a result the optimisation algorithms may 

perform differently again when the reference trajectory is altered giving a different optimisation 

surface. It is expected that the performance of all algorithms will improve as the lack of sudden 

reference trajectory changes means less discontinuity in the optimisation surface of the controller 

parameters. Additionally, the SNR issue discussed previously would also stop being applicable. 
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Moreover, the response of the PMAs can be improved by having separate controller gains for 

the inflation and deflation phase. However this will mean having a dual IFT setup working in 

tandem, which could cause potential undesirable interaction effects as the two instances will not 

be completely independent from each other. This also means that online IFT tuning becomes 

much more difficult, as the signal needs to be split between different phases of the cycle and the 

timing to switch between the two IFT loops will be hard to determine. Alternatively, IFT tuning 

can be implemented on each actuator separately. Although interactions between IFT instances still 

exists, the issue of the split control signal for different phases can be resolved. 

For the case of the LM algorithm, the use of the identity matrix in 𝜇𝐼 can lead to slow 

convergence as stated previously, as well as observed from simulation and experimental results. 

An improvement is to replace the identity matrix with the diagonal matrix consisting of the 

diagonal elements of the Gauss-Newton Hessian estimate [150]. The algorithm then becomes: 

−𝐿(𝑥𝑥)𝑇𝑟(𝑥𝑥) = �𝐿(𝑥𝑥)𝑇𝐿(𝑥𝑥) + 𝜇 ∙ 𝑑𝑖𝑖𝑎𝑔�𝐿(𝑥𝑥)𝑇𝐿(𝑥𝑥)��ℎ (3.21) 

Alternative design criterions can also be selected to emphasise desired performance 

characteristics more specifically, by minimising elements other than error and control action. 

Further experiments will then be needed to determine what the optimal weightings are between 

each variable. Furthermore, as discussed previously, the IFT technique performs the best when the 

system is of a linear nature. Certain techniques can be used to increase the linearity of the overall 

control loop, such as gain scheduling or the inclusion of a dynamic model of the system [128]. It is 

also important to mention here that the stability aspects of the closed loop system were not 

considered. However as IFT relies on the Hessian matrix being positive definite, convergence is 

guaranteed under ideal conditions when system noise and external disturbance are not taken into 

account. 

3.7. Chapter Summary 

A comparative study has been performed on three IFT optimisation algorithms for iterative 

feedback tuning. The candidates were the Gauss-Newton, Levenberg-Marquardt with an 

improved 𝜇 value update strategy, and the BFGS Quasi-Newton algorithm. From simulation, it 
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can be concluded that all three IFT algorithms were able to optimise the simulated systems, 

especially when compared against the Ziegler-Nichols manual tuning method. The Gauss-Newton 

algorithm however, showed a better tuning profile than the other two candidates. 

The three optimisation algorithm candidates were then studied through experiments 

performed on a single rotating DoF test platform utilising a pair of pneumatic muscle actuators 

arranged antagonistically. Control challenges and the progressive rise of its usage in rehabilitation 

devices make it a prime candidate to be explored using some form of ILC. It was concluded that 

the BFGS QN algorithm and the GN algorithms both produced very good tuning results. However, 

from the better RMS error profile and the high system stability achieved, it was determined that 

the GN algorithm is a more desirable option to be used in the control of PMA powered 

rehabilitation devices. 
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A Normalised Design Criterion for IFT 

 

The performance of the IFT process can be influenced by several factors. Apart from the 

search algorithms used to calculate 𝑅𝑅𝑖𝑖, the reference or the input waveform also affects the result. 

A square or a step input contains discontinuity and is impossible for the response to track 

perfectly. This can result in a design criterion minimum that is far away from the zero value, and 

the algorithm may try to compensate for this “poor” result by increasing the gains excessively in 

order to minimise the error. A continuous signal such as a sinusoidal waveform makes it easier for 

the controller to track the reference signal. However square waves and step inputs are commonly 

studied as the step response is the most basic type of response, and system performance figures 

such as the rise time and the settling time able to be quantified easily. 

The design criterion can also be customised to highlight the performance parameters that are 

deemed important to the system, such as the error and the control signal. It also enables the 

system designer to emphasise particular system characteristics such as the settling time or some 

specific bandwidth. This effect is also demonstrated in the previous chapter where the 
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performance of the algorithm is shown to be very much reliant on both the design criterion choice 

as well as the choice of the underlying optimisation algorithm. 

4.1. The Flexible Design Criterion 

The choice of the design criterion is indeed a flexible one, as several have been presented in 

previous studies. The simplest form of design criterion is the sum of the square of the error values 

collected during the experiment: 

𝐽𝐽(𝜌𝜌) =
1

2𝑁�
(𝑦𝑦�𝑡(𝜌𝜌)2)

𝑁

𝑡=1

 (4.1) 

where 𝜌𝜌 is the vector of controller parameters to be optimized, 𝑦𝑦�𝑡(𝜌𝜌) is the error between the 

output signal 𝑦𝑦𝑡(𝜌𝜌) and the desired reference signal 𝑦𝑦𝑑(𝜌𝜌), and 𝑁 is the number of sample 

collected for each experiment. 

In the original IFT literature, (3.21) is used as the design criterion, where 𝑢𝑡(𝜌𝜌) is the control 

signal into the plant, 𝐿𝑦𝑦  and 𝐿𝑢 are frequency weighting filters, 𝜆 is a weighting factor that 

determines the balance between the two parts minimized [95]. The inclusion of the frequency 

weighting filters allows system designers with knowledge or requirements of the response to 

emphasise a certain frequency range. A method to tune the frequency weighting filters using 

particle swarm optimisation method is also presented in [156]. 

𝐽𝐽(𝜌𝜌) =
1

2𝑁��𝐿𝑦𝑦𝑦𝑦�𝑡(𝜌𝜌)2 + 𝜆𝐿𝑢𝑢𝑡(𝜌𝜌)2�
𝑁

𝑡=1

 (4.2) 

In [157] a time weighted cost function was presented to allow for different weightings to be 

applied at different parts of the time response. Equation (4.3) shows this arrangement where 

𝑤𝑦𝑦(𝑡) and 𝑤𝑢(𝑡) are non-negative time-weighted output and input values respectively. This 

allows the system designer to let the tuning algorithm focus on different performance aspects of 

the controller at various time points for each iteration. 
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𝐽𝐽(𝜌𝜌) =
1

2𝑁��𝑤𝑦𝑦(𝑡)𝐿𝑦𝑦[𝑦𝑦�𝑡(𝜌𝜌)]2 + 𝜆𝑤𝑢(𝑡)𝐿𝑢[𝑢𝑡(𝜌𝜌)]2�
𝑁

𝑡=1

 (4.3) 

Another form of a time varying design criterion was presented in [158]. Lequin et al. argued 

that the aim for any control system design is to enable a plant go from one setpoint to another 

quickly. Therefore as long as there is no significant overshoot, it should not matter what the shape 

of the transient is like. Equation (4.4) presents a cost function where no weights were used, but a 

mask with length 𝑡0 was incorporated to the transient part of the cost function to control the 

desired settling time. In [158] it was also found that by starting off with a large mask then 

decreasing it progressively, the algorithm would achieve a better system performance than by 

imposing a mask that is the same size as the anticipated rise time straight away. 

𝐽𝐽(𝜌𝜌) =
1

2𝑁��𝐿𝑦𝑦𝑦𝑦�𝑡(𝜌𝜌)2�
𝑁

𝑡=𝑡0

+ 𝜆�(𝐿𝑢𝑢𝑡(𝜌𝜌)2)
𝑁

𝑡=1

 (4.4) 

Equation (4.5) is used in [97], which is a simplified form of design criterion in (4.4). By 

removing the control signal portion, the calculations at the end of experiment 3 is made simpler. 

The responsibility of limiting the magnitude of the control signal is moved to the saturation block 

in the control system loop. However the performance of the algorithm suffers if saturation is 

constantly reached. The addition of the progressively reducing time mask counters the 

shortcomings as data obtained during rise time of the control system is no longer considered to be 

part of the design criterion. But this is not always successful as the authors reverts to (4.4) for one 

of the tests in order to fix excessive control action. 

 𝐽𝐽(𝜌𝜌) =
1

2𝑁�(𝑦𝑦�𝑡(𝜌𝜌)2)
𝑁

𝑡=𝑡0

 (4.5) 

It can be seen that the above research all focused on how to emphasise different parts of the 

response by altering the design criterion, be it based on the frequency, time, or state of the 

response. It can also be seen that better performance can be obtained by considering more than 

one variable in the design criterion. It is important to note that whatever the scheme of the design 
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criterion, if it involves more than one element to be minimised, a weighting factor is present to 

determine the balance between each performance measure. Currently, there are no rules on how 

the value of 𝜆 is chosen, as it is system dependent and is always determined by trial and error. This 

raises the question in that there may be a way to remove this trial and error process where the 

system designer does not need to hunt for the correct value of 𝜆. 

4.2. A Normalised Design Criterion 

In order to determine an optimal value of 𝜆, it is important to consider the relative 

magnitudes of each variable in the design criterion 𝐽𝐽(𝜌𝜌). Different systems will have desired and 

actual output, error, as well as control signal that span across different range of possible values. 

When considering the combination of system error 𝑦𝑦�𝑡(𝜌𝜌) and the control signal 𝑢𝑡(𝜌𝜌), the 𝜆 value 

obtained from trial and error will contain the properties specific to the system being tuned. For 

example, a typical control signal from computer data acquisition hardware work in the ±10V 

range, whereas for microcontrollers it is often in the ±3.3V or ±5V range, and the 𝜆 value obtained 

will contain this information. In fact the 𝜆 value contains the relative magnitude of each variable 

in the design criterion 𝐽𝐽(𝜌𝜌). There needs to be a method to remove the system properties from the 

𝜆 value so that it becomes system agnostic, as in making weighting factor 𝜆 normalised so that it 

can be meaningful and can be compared across different systems. This way the system designer no 

longer needs to use trial and error to search for an optimal 𝜆 value. 

Equation (4.6) proposes a normalised design criterion, where a normalising factor 𝐾𝑛 is 

introduced, and 𝜆𝑛 replaces 𝜆 to be the normalised weighting factor that remains comparable 

across different systems [159]. 

𝐽𝐽(𝜌𝜌) =
1

2𝑁��𝐿𝑦𝑦𝑦𝑦�𝑡(𝜌𝜌)2 + 𝜆𝑛𝐾𝑛𝐿𝑢𝑢𝑡(𝜌𝜌)2�
𝑁

𝑡=1

 (4.6) 

where the normalising coefficient 𝐾𝑛 is determined by: 

𝐾𝑛 =
𝑦𝑦𝑑,𝑚𝑎𝑥 − 𝑦𝑦𝑑,𝑚𝑖𝑖𝑛

𝑢𝑡,𝑚𝑎𝑥 − 𝑢𝑡,𝑚𝑖𝑖𝑛  (4.7) 
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In (4.7), 𝑦𝑦𝑑,𝑚𝑎𝑥 is the maximum value in the desired output waveform, and 𝑦𝑦𝑑,𝑚𝑖𝑖𝑛 is the 

minimum value in the desired output waveform. 𝑢𝑡,𝑚𝑎𝑥 is the maximum value experienced in the 

control signal waveform, and 𝑢𝑡,𝑚𝑖𝑖𝑛 is the minimum value experienced in the control signal 

waveform. As all four values are only determined at the end of each optimisation iteration, all data 

points are taken into account so the normalisation process is a fair representation of the current 

iteration. The detailed derivation of the algorithm can be found in Appendix B. 

The choice for 𝑦𝑦𝑑 represents the range of output in an ideal situation, and ensures that the 

value of 𝜆𝑛 stays meaningful across different tuning iterations for the same system, as the range of 

𝑦𝑦𝑑 usually remains constant throughout the tuning process. This is true even when taking into 

account of the second experiment where the desired waveform 𝑦𝑦𝑑 is unknown. By starting at an 

underdamped response situation, the actual output from the first experiment (which is used as the 

input for the second experiment) should be lower in amplitude than the input of the first and the 

third experiment due to the system error feedback. This means that the maximum 𝑦𝑦𝑑 should 

always be determined by the input waveform used for the first and the third experiments, which is 

under the control of the system designer. 

The range of 𝑢𝑡 is limited by the available output (saturation) of the control signal, therefore 

it should also remain similar across iterations for the same system, as the control signal often 

saturates when the reference input changes by a large amount. However, generally it is not a good 

idea to saturate the control signal for a long time as this introduces discontinuities and additional 

nonlinearities into the control parameter surface, adding to the difficulties in determining the 

downhill direction for the optimisation algorithm. Furthermore, when the system tends towards 

an optimally tuned state, the control signals should tend toward saturation as well to maximise the 

rate of response of the system to track the desired input trajectory. 

With the normalised design criterion, it becomes possible to determine sets of 𝜆𝑛 values that 

represent the optimal range for IFT tuning for various situations. This provides advantages over 

the standard IFT design criterion by providing robustness and improved accuracy to the IFT 

tuning process. In the sections following, a set of 𝜆𝑛 values optimising for the settling time, and 

thus the fastest system response, was determined using the Monte Carlo simulation method. 
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4.3. Monte Carlo Simulation Parameters 

 As discussed previously, the input waveform is also one of the factors which affect the 

performance of the IFT algorithm. Therefore tests must be performed on both types of waveforms, 

which are step, and cyclical. While the cyclical waveform is more similar to a rehabilitation 

trajectory, and must be used when it comes to online tuning, square waves are easier to measure 

performance with. A unit step function is used as the system input for the step input study, and a 

sinusoidal function is used for the cyclical input study. 

A total of four system sets were tested under simulation using the Monte Carlo method for 

both input types, where the system plants and 𝜆𝑛 were stochastically tested. The control system 

structure used for the tests is the same as the one used in the previous chapter, as shown in Figure 

4.1. 𝐺  represents the unknown system plant being optimised, the controller 

𝐶(𝜌𝜌) = [𝐶𝑟(𝜌𝜌) 𝐶𝑦𝑦(𝜌𝜌)], where 𝐶𝑟(𝜌𝜌) is a standard proportional-integral controller and 𝐶𝑦𝑦(𝜌𝜌) is 

a standard PID controller sharing the same P and I gains with 𝐶𝑟(𝜌𝜌). 𝑟𝑡, 𝑢𝑡, and 𝑦𝑦𝑡 are the 

reference input singal, the control signal and the output signal respectively. The elimination of the 

derivative component in the reference controller 𝐶𝑟(𝜌𝜌) also lessens the issue of sudden changes in 

the setpoint for the case of the step input, and is a common practice in the industry. 

 
Figure 4.1: Two degrees-of-freedom closed loop control system for simulation. 

Starting values for the optimisation process were set to relatively low gains for the best 

chance of giving an overdamped response. Due to the variability of the plant transfer function, it 

was not possible to guarantee an overdamped starting position for every test point. The IFT 

algorithm should still be able to tune towards an optimal solution, though an underdamped 

starting position is not recommended as system resonance may come into play [94]. 

The design criterion proposed in (4.6) was used for all IFT optimisation tests. No frequency 

filters were applied, therefore 𝐿𝑦𝑦 = 𝐿𝑢 = 1. Up to 10 tuning iterations were performed for each 
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setup. The reason for this choice is that when a system is convergent, even without an optimised 

𝜆𝑛, the system response may still be tuned to have an adequate performance eventually. By 

limiting the tuning process to 10 iterations maximum, it allows the optimal 𝜆𝑛 to be identified. 

For each test point, a value of 𝜆𝑛 ranging between 1 × 10−7 and 1 × 100 was generated 

randomly over a logarithmic distribution. The four sets of plant transfer functions are modified 

versions of benchmarking functions from [160], with two coefficients for each plant set also 

varying stochastically to create a new transfer function for each test point. These transfer 

functions are chosen as they are well suited to parametric studies of PID control as suggested in 

[160]. For each plant set, in addition to the coefficient suggested in the research, one more 

coefficient is chosen to be varied stochastically as this gives more variations than only one variable 

while still preserving similarities to the transfer functions provided in the literature. For both 

cyclical input and step input studies, 5000 optimisation test points were completed for each plant 

set to give a comprehensive overview. 

4.4. Step Input Simulation 

The settling time of the system to the unit step response was used to give a rating to the final 

performance of a tuning result. As error is already part of the design criterion in (4.6), it 

automatically tends towards a lower value during the course of optimisation. Settling time on the 

other hand naturally factors in the error as well as the smoothness of the response. Therefore, by 

observing the correlation between settling time and 𝜆𝑛, with large enough sample sizes one can 

determine the optimal value range of 𝜆𝑛. 

4.4.1. Plant set 1 

The original transfer function presented in [160] is: 

𝐺(𝑠) =
1

(𝑠 + 1)𝑛 (4.8) 

where 𝑛 = 1, 2, 3, 4, 8. As these systems are easily tuned, a time delay is added to the transfer 

function in order to increase the complexity. The simulated system 𝐺1(𝑠) now becomes: 
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𝐺1(𝑠) =
1

(𝑠 + 1)𝑛 𝑒
−𝑑𝑠 (4.9) 

where 𝑛 is an integer value from 1 to 8, and 𝑑 is a integer delay value from 1 to 20. The correlation 

between the settling time 𝑇𝑠 and the normalised weighting factor 𝜆𝑛 is shown in Figure 4.2(a) 

where only the convergent results are plotted. Data points where the algorithm did not converge 

after 10 iterations or remained in a local minimum with 𝑇𝑠 that is higher than 200 seconds are not 

shown. As the plant coefficients were selected at random, it is possible that some combinations of 

the plant transfer function were ill suited for the situation, or that the starting position generated a 

non-convergent response. As a result the IFT algorithm was unable to locate the downhill 

direction on the control parameter surface for those configurations. The large range in settling 

times shown in the raw data can also be attributed to instances of difficult control parameter 

surfaces where the IFT algorithm was not very effective in the optimising process. 

Data from Figure 4.2(a) were filtered using a weighted moving average filter, where any 

values over 6 standard deviations were ignored, and the span size was 10 samples. The result of 

this operation is shown in Figure 4.2(b). It is immediately obvious that the average settling time 

remains constant as 𝜆𝑛   is increased from 1 × 10−7  to around 1 × 10−3 , but increases 

exponentially when 𝜆𝑛 increases further. To further highlight the trend and obtain a numeric 

representation of the optimal range of values for 𝜆𝑛, resulting data from Figure 4.2(b) was further 

fitted using a 5th order polynomial. The optimal range of 𝜆𝑛 was calculated using a 5% tolerance 

from the minimum value in the fitted polynomial. For system set 𝐺1(𝑠), the calculated optimal 𝜆𝑛 

range is from 1 × 10−7 to 1.307 × 10−3. 
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Figure 4.2: Settling time vs. 𝝀𝒏 Monte Carlo step input simulation result for plant set 
𝑮𝟏(𝒔). (a) Convergent raw data. (b) Correlation clarified with a weighted moving 

average filter using a span of 10 samples. 

4.4.2. Plant set 2 

The original transfer function presented in [160] is: 

𝐺(𝑠) =
1

(𝑠 + 1)(1 + 𝑎𝑠)(1 + 𝑎2𝑠)(1 + 𝑎3𝑠) (4.10) 

where 𝛼 = 0.1, 0.2, 0.5, 1.0. The pole spacing coefficient 𝛼 is further modified by making the 

exponent a variable. This increases the selection range of the poles as well as the number of poles 

able to be selected. The simulated system 𝐺2(𝑠) becomes: 

𝐺2(𝑠) =
1

(𝑠 + 1)(1 + 𝑎𝑠)(1 + 𝑎2𝑠)⋯ (1 + 𝑎𝑛𝑠) (4.11) 
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where 𝑛 is an integer from 1 to 3, and 𝑎 is a real number ranging from 1 to 5. For this system set 

there is no delay specified for the plant transfer function, and thus a lower limit for settling time 𝑇𝑠 

of 100s was used. Figure 4.3(a) shows a scatter plot of the convergent data points. It can be seen 

that there is a distinct separate outlier group around 𝑇𝑠 = 5s, which does not follow the main 

trend. These outlier points indicate that the value of 𝜆𝑛 does not affect the tuning results for those 

systems sets, possibly due to the transfer function being too simple to tune. These outlier data 

points were then removed and the result is shown in Figure 4.3(b). Again the scatterplot was then 

clarified using the same weighted moving average method, and the result is shown in Figure 4.3(c). 

It can be seen that the trend is different to the one in the first simulation, with the settling time 

value 𝑇𝑠 at a constant value towards the lower end of the spectrum, and dipping to a minimum 

value at around 𝜆𝑛 = 1 × 10−3, before rising sharply when 𝜆𝑛 is increased further. When the data 

points in Figure 4.3(c) were further fitted using the automated polynomial fitting function 

however, the result was not satisfactory using any order, so it was decided to manually calculate 

the optimal range of 𝜆𝑛. The minimum settling time determined was 16.875s, and the range of 𝜆𝑛 

value within a 5% tolerance was calculated to be from 2.398 × 10−4  to 1.960 × 10−2 . 

Additionally, it can also be noted from all three plots in Figure 4.3 that when outside of the 

optimal 𝜆𝑛 zone, the spread of the settling time increases. This denotes that the performance of 

the IFT algorithm is less consistent outside of the optimal 𝜆𝑛 range. 
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Figure 4.3: Settling time vs. 𝝀𝒏 Monte Carlo step input simulation result for plant set 
𝑮𝟐(𝒔). (a) Convergent raw data. (b) Lower outliers removed. (c) Correlation clarified 

with weighted moving average filter. 

4.4.3. Plant set 3 

The original transfer function presented in [160] is: 

𝐺(𝑠) =
1 − 𝑎𝑠

(𝑠 + 1)3 (4.12) 

where 𝛼 = 0, 0.1, 0.2, 0.5, 2, 5, 10. As is with the case of the first plant set, a time delay is added to 

the transfer function to increase the complexity. The simulated system 𝐺3(𝑠) becomes: 

𝐺3(𝑠) =
1 − 𝑎𝑠

(𝑠 + 1)3 𝑒
−𝑑𝑠 (4.13) 
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where 𝑎 is a real number from 0.1 to 4, and 𝑑 is an integer delay from 0 to 5. The limit for the 

settling time was set at 150s. Note that for this system set the plant has a non-minimum phase zero. 

The convergent data points are shown in Figure 4.4(a), and one can see that for this set the data 

points are clustered tightly together due to the plant transfer function denominator staying the 

same throughout the test. These data points were smoothed out using the same weighted moving 

average filter as previous simulations, with the result shown in Figure 4.4(b). Again a 5th order 

polynomial was fitted to give a numeric answer for the optimal range of 𝜆𝑛, which was calculated 

to be from 1 × 10−7 to 1.598 × 10−3. It is also worth noting that the spread of data points in 

Figure 4.4(a) increases when 𝜆𝑛 is below 1 × 10−5, indicating some instability with a design 

criterion that focuses almost purely on the error component. This behaviour is consistent with the 

observation made in simulation set 2. 

 
Figure 4.4: Settling time vs. 𝝀𝒏 Monte Carlo step input simulation result for plant set 
𝑮𝟑(𝒔). (a) Convergent raw data. (b) Correlation clarified with weighted moving average 

filter. 
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4.4.4. Plant set 4 

The original transfer function presented in [160] is: 

𝐺4(𝑠) =
1

(1 + 𝑠𝑇)2 𝑒
−𝑠 (4.14) 

where 𝑇 = 0, 0.1, 0.2, 0.5, 2, 5, 10. This is a time delay system with double lag. The system is 

modified to accommodate two coefficients by making the time delay a variable one. The simulated 

system 𝐺4(𝑠) becomes: 

𝐺4(𝑠) =
1

(1 + 𝑎𝑠)2 𝑒
−𝑑𝑠 (4.15) 

where 𝑎 is a real number from 0.1 to 10, and 𝑑 is an integer delay from 0 to 10. The limit for the 

settling time was set to 175s. Figure 4.5(a) shows the convergent data points. It can be seen that 

the variance for the settling time for this plant set is much larger than other system sets, indicating 

that the balance between the error and the control signal component is not as significant on the 

settling time 𝑇𝑠 as compared to other simulations. While the overall trend is less obvious, an 

outlier group similar to the one in simulation 2 is present. These data points, defined as 𝑇𝑠 < 15s 

were removed and the result of this operation is shown in Figure 4.5(b). Even though the trend is 

less clear for this system set, the usage of the 10 sample span weighted moving average filter was 

able to distil the correlation between 𝜆𝑛 and 𝑇𝑠, which is shown in Figure 4.5(c). As in previous 

simulations, a 5th order polynomial was fitted to the smoothed data points and an optimal 𝜆𝑛 

range was calculated to be from 1 × 10−7 to 1.057 × 10−2. Also note that even though the 

automated polynomial fit gave the bottom limit value of 1 × 10−7, in Figure 4.5(c) it can be seen 

that the data points trend slightly upwards towards the lower limit of 𝜆𝑛, indicating a possible 

rebound similar to plant set 2. However this may just be due to the stochastic nature of the Monte 

Carlo Method. 
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Figure 4.5: Settling time vs. 𝝀𝒏 Monte Carlo step input simulation result for plant set 
𝑮𝟒(𝒔). (a) Convergent raw data. (b) Lower outliers removed. (c) Correlation clarified 

with weighted moving average filter. 

4.5. Cyclical Input Simulation 

For the cyclical input study, a sinusoidal waveform with a frequency of 0.05Hz was used for 

all four plant sets. Unlike in the step input study, the settling time can no longer be used as the 

measurement criterion, as the system never truly settles, and there is no steady state that can be 

measured. Therefore the design criterion value 𝐽𝐽(𝜌𝜌) is used as the next best alternative. By using a 

normalised design criterion, the value of 𝐽𝐽(𝜌𝜌) is also normalised and becomes comparable across 

all systems, which allows this Monte Carlo test to be performed. Additionally, there is no hard cut-

off for non-convergent data points, though 𝐽𝐽(𝜌𝜌) automatically factors in convergence, with high 

values meaning less convergent solutions. 
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4.5.1. Plant set 1 

The system presented in (4.9) was used for this test as the plant set transfer function. As with 

the step input study, raw data from the 5000 test points is plotted in Figure 4.6(a). While a clear 

trend can be seen from the raw data points alone, the same processing procedure from the step 

input study was used to clean up and filter the result. A 10 point moving average filter is applied 

on the raw data, which made the correlation clearer to be seen in Figure 4.6(b). Also using the 

same procedure as previously, a 5th order polynomial was fitted to generate a numeric answer for 

the optimal range of 𝜆𝑛, with the tolerance set at 5% from the minimum filtered value. In this case, 

the optimal 𝜆𝑛 value range is from 1 × 10−7 to 4.976 × 10−2. 

 
Figure 4.6: 𝑱(𝝆) vs. 𝝀𝒏 Monte Carlo cyclical input simulation result for plant set 𝑮𝟏(𝒔). 
(a) Convergent raw data. (b) Correlation clarified with weighted moving average filter. 

4.5.2. Plant set 2 

The system presented in (4.11) was used for this simulation as the plant set transfer function. 

In this case from the raw data shown in Figure 4.7(a), there are two distinct trendlines. The two 

trends appear to diverge from around the same 𝜆𝑛 value, and therefore no data points were 

removed from the result as the filtering process should not be affected. The 10 point moving 

average filtered data in Figure 4.7(b) shows a very similar shape when compared with the previous 

plant set. The optimal 𝜆𝑛 value range was calculated to be from 1 × 10−7to 5.006 × 10−2. 
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Figure 4.7: 𝑱(𝝆) vs. 𝝀𝒏 Monte Carlo cyclical input simulation result for plant set 𝑮𝟐(𝒔). 
(a) Convergent raw data. (b) Correlation clarified with weighted moving average filter. 

4.5.3. Plant set 3 

For the third plant set, (4.13) was used as the transfer function. From the raw data in Figure 

4.8(a) it can be seen that the non-minimum phase nature of this plant set makes for an increased 

variability in the resultant 𝐽𝐽(𝜌𝜌) values. The data was cleaned up using the same method used 

previously, with the result shown in Figure 4.8(a). The filtered appears to have some difficulties in 

smoothing the data when 𝜆𝑛 is above 0.1, though the calculated optimal 𝜆𝑛  value range is 

unaffected. The optimal value range for this plant set is from 1 × 10−7to 7.695 × 10−2. 

 
Figure 4.8: 𝑱(𝝆) vs. 𝝀𝒏 Monte Carlo cyclical input simulation result for plant set 𝑮𝟑(𝒔). 
(a) Convergent raw data.  (b) Correlation clarified with weighted moving average filter. 
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4.5.4. Plant set 4 

For the final plant set, (4.15) was used as the transfer function. The raw data presented in 

Figure 4.9(a) shows a similar trend to the data in plant set 2, with two trendlines clearly seen. The 

filtered result in Figure 4.9(b) shows a virtually identical shape as previous plant sets. The 

calculated optimal 𝜆𝑛 value range is from 1 × 10−7to 4.986 × 10−2, which is also very similar to 

plant sets 1 and 2. 

 
Figure 4.9: 𝑱(𝝆) vs. 𝝀𝒏 Monte Carlo cyclical input simulation result for plant set 𝑮𝟒(𝒔). 
(a) Convergent raw data. (b) Correlation clarified with weighted moving average filter. 

4.6. Monte Carlo Simulation Discussion 

By stochastically changing two variables from each plant transfer function, along with the 

variable 𝜆𝑛 to create a new test point for each sample, enough variation is presented in the 5000 

test samples performed for each plant set for each input waveform. The results from the step input 

study is more interesting than the results from the cyclic input study, which is most likely due to 

the different methods used to measure the convergent tuning performance. However, some 

conclusions can still be drawn from looking at the cyclical input simulation data. It can be seen 

that in all four plant sets, the optimal 𝜆𝑛 value range is fairly stable, hovering around at a 

maximum value of 5 × 10−2. With the step input simulations, the upper optimal values are more 

varied. For both studies, the lower optimal values are all 1 × 10−7 except for the case of plant set 2 

in step input configuration. This is because the lower limit of 𝜆𝑛 set for the simulations was 

1 × 10−7. Nevertheless, even below this limit the result is not expected to change significantly as 
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by that point the design criterion becomes almost purely error based. The optimal 𝜆𝑛 range is 

summarised in Table 4.1. By considering the results from all eight sets of simulations, it is 

recommended that the weighting factor 𝜆𝑛 range for the normalised design criterion that gives the 

fastest reference trajectory tracking performance with a low settling time is from 1 × 10−4 to 

1 × 10−3. 

Table 4.1: Summary of simulation results 

Input 
waveform 

Set 
Optimal 𝝀𝒏 range 

Additional note 
Lower value Upper value 

Step 1 1 × 10−7 1.31 × 10−3 - 

Step 2 2.40 × 10−4 1.96 × 10−2 Increased variance outside the optimal 𝜆𝑛 range 

Step 3 1 × 10−7 1.60 × 10−3 Increased variance when 𝜆𝑛 < 1 × 10−5 

Step 4 1 × 10−7 1.06 × 10−2 Slight upwards trend towards lower limit 

Cyclical 1 1 × 10−7 4.98 × 10−2 - 

Cyclical 2 1 × 10−7 5.01 × 10−2 - 

Cyclical 3 1 × 10−7 7.70 × 10−2 - 

Cyclical 4 1 × 10−7 4.99 × 10−2 - 

     

4.7. Comparison with Standard IFT 

While the optimal 𝜆𝑛 value range can be determined using the Monte Carlo simulation, the 

effectiveness of the newly introduced normalised design criterion is unknown. It is important to 

understand how the normalised design criterion performs. The weighting factor for the 

normalised design criterion aims to be system agnostic, and eliminates one variable that is 

determined by the system designer empirically. Furthermore, in [105] it stated that by changing 

the design criterion, the local minimum of the controller parameter search space will also change. 

This section explores in detail how the normalised IFT design criterion performs and to look at 

any changes to the controller parameter search space when compared to the standard IFT design 

criterion that is commonly used. 

MATLAB® and Simulink® were used to perform the comparison between the two candidates 

in simulation. The normalised design criterion in (4.6) was pitted against the standard version in 
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(3.21) presented in the original IFT literature in [95]. For all tests, 20 iterations of optimisation 

were performed using the standard Gauss-Newton algorithm. A unit step input was applied for 

IFT experiments 1 and 3, which allows performance metrics to be measured and compared. For 

normalised IFT design criterion tests, the 𝜆𝑛 value selected was 1 × 10−4. For the standard IFT 

design criterion tests, the 𝜆 value varies depending on the test and the system in question. In order 

to demonstrate the effects of normalisation, the control loop is modified to include an extra 

control signal gain adjustment. This adjustment enables the scale between the reference signal and 

control signal to be changed from 1 to 1. A scale that is greater than 1 means the control signal 

scale is larger than that of the reference input signal, and a scale less than 1 is the opposite. The 

modified control system is shown in Figure 4.10. Additionally, as the control signal gain 𝑈𝐺  

changes, the saturation block (not shown) also changes by the same scale in order to not limit the 

overall system performance. 

 
Figure 4.10: Modified control system with control signal gain. 

Three simulated plants were used to validate the performance of the normalised design 

criterion. All plant transfer functions used in this section are adopted from [97], which are 

modified versions presented in [160]. The first system is shown in (4.16), which is a first order 

system with a 5 second delay. The starting PID controller gains for system tuning were 𝐾𝑃 = 1.0, 

𝐾𝐼 = 0.1, and 𝐾𝐷 = 5. This set of parameters gives an overdamped response. 

𝐺5(𝑠) =
1

1 + 20𝑠 𝑒
−5𝑠 (4.16) 

First, the system was tuned with both design criterion candidates without changing the 

control signal gain. The result of this test is illustrated in Figure 4.11. It can be seen that for both 

cases, the step response are successfully tuned, and the two methods produce very similar results. 

The perturbation seen at the start from 0 to 5 second mark is the result of using a third-order 

discrete Padé approximation for the time delay, and does not affect the overall validity of the 
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results. This effect can be seen throughout this section with other tests as well. For the standard 

IFT, the settling time is 35 seconds with a 16% overshoot. For the normalised IFT, the settling 

time is 38 seconds, and the overshoot is 16.5%. 

 
Figure 4.11: Comparison between normalised and standard IFT design criterion with a 

control signal gain of 1 for system 𝑮𝟓(𝒔). 

The control signal gain was then changed from 1 to 0.1, which means that a tenfold 

discrepancy between the reference input and the control signal was created. For the standard 

design criterion, the old 𝜆 value of 1 × 10−3 was no longer optimal, as shown by the red dot-dash 

line in Figure 4.12. It now produces an undershoot and needs more control action in order to 

reach the setpoint. The 𝜆 value was then gradually adjusted using trial and error which resulted in 

the system being better tuned each time, and a near optimal value was achieved when 𝜆 = 5 ×

10−6, with the performance level of the step response back to where it should be. For the 

normalised IFT design criterion, the result is shown in Figure 4.13, alongside the standard IFT 

tuned with the optimal 𝜆 value determined empirically. Note that for the normalised IFT design 

criterion, even without changing the weighting value 𝜆𝑛, the performance between the two control 

signal gains is completely unchanged. 
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Figure 4.12: Trial and error for standard IFT design criterion in order to reach an 
optimal 𝝀 value for system 𝑮𝟓(𝒔), when the control signal gain is changed to 0.1. 

 
Figure 4.13: Comparison between normalised and standard IFT design criterion with a 

control signal gain of 0.1 for system 𝑮𝟓(𝒔). 

The plant for the second test system is given in (4.17). The starting controller values used for 

tuning are 𝐾𝑃 = 0.5, 𝐾𝐼 = 0.01, and 𝐾𝐷 = 10. The closed loop step responses for both design 

criterions when the control signal gain is unity again show very similar performance levels, as can 

be seen in Figure 4.14. A 𝜆 value of 1 × 10−3 was used for standard design criterion, and 1 × 10−4 

was used for 𝜆𝑛 which is the lower bound of recommended value range. 

𝐺6(𝑠) =
1

(1 + 10𝑠)8 (4.17) 
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Figure 4.14: Comparison between normalised and standard IFT design criterion with a 

control signal gain of 1 for system 𝑮𝟔(𝒔). 

Again as the control signal gain was shifted from 1 to 0.1, the standard design criterion failed 

to maintain an optimal tuning performance without changing the 𝜆 value. For this case, the 

optimal weighting value is found to be 1 × 10−5. Figure 4.15 illustrates how the old 𝜆 fails to 

produce an adequate step response after tuning, whereas the normalised design criterion again 

produces a satisfactory tuned response without changing the value of 𝜆𝑛. 

 
Figure 4.15: Comparison between normalised and standard IFT design criterion with a 

control signal gain of 0.1 for system 𝑮𝟔(𝒔). 

The normalised design criterion can be further validated by looking into its other 

performance aspects. System 𝐺7(𝑠) given in (4.18) was used for the rest of the tests. 𝐾𝑃 = 0.5, 

𝐾𝐼 = 0.02, and 𝐾𝐷 = 5 were used as the starting controller gains for this system. 
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𝐺7(𝑠) =
1

1 + 20𝑠 𝑒
−20𝑠 (4.18) 

The sensitivity of 𝜆𝑛 is shown in Figure 4.16. System 𝐺7(𝑠) was tuned using three different 𝜆𝑛 

values, representing the upper bound, lower bound and middle of the recommended value range, 

in order to validate the results of the Monte Carlo simulations. The result shows that within this 

value range, while the tuned system response does change, all three weighting values produces 

acceptable tuning results. Therefore, in some systems, some adjustments to the 𝜆𝑛 values within 

the recommended range may be needed to produce a more refined result. However, unlike in 

standard IFT systems where 𝜆 are adjusted without any basis, the normalised design criterion 

offers consistency and confidence when it comes to weighting factor selection. 

 
Figure 4.16: Sensitivity of weighting value 𝝀𝒏 in normalised IFT design criterion. 

Another aspect to be looked at is whether the normalised design criterion is able to tune the 

system in the same manner as the standard design criterion. The results are shown in Figure 4.17 

and Figure 4.18. In Figure 4.17 it can be seen that the PID gains are all tuned along the same 

profile for both standard and normalised design criteria. This indicates that the underlying 

algorithm (Gauss-Newton in this case) is unaffected by the change in the design criterion 

structure, which means that the performance remains reliable. As the resultant values of the 

design criteria 𝐽𝐽(𝜌𝜌)  are not directly comparable between the two candidates due to the 

normalisation process, nevertheless they can still be looked at side by side, shown in Figure 4.18. 

Ignoring the different scale for each design criterion, the tuning progression for  𝐽𝐽(𝜌𝜌) shows the 
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exact performance pattern indicating that the normalised IFT design criterion still has the same 

optimisation performance as compared to the standard criterion. 

 
Figure 4.17: Tuning progression of controller parameters with a control signal gain of 

0.1 for system 𝑮𝟕(𝒔). (a) 𝑲𝑷 gain. (b) 𝑲𝑰 gain. (c) 𝑲𝑫 gain. 

 
Figure 4.18: Design criterion 𝑱(𝝆) comparison with signal scale of 0.1 for system 𝑮𝟕(𝒔). 

(a) Standard IFT. (b) Normalised IFT. 

From the above tests presented in this section, it can be seen that the newly introduced 

normalised design criterion shows improved robustness to different system designs as compared 

to the original standard design criterion that is commonly used. It is also shown that the 

84 



 
 

A Normalised Design Criterion for IFT 

 
 
performance of the normalised design criterion is reliable and consistent, and has the same 

performance reliability and tuning characteristics when compared with the standard design 

criterion. 

4.8. Chapter Summary 

In this chapter, a normalised design criterion for IFT with a normalised weighting factor 𝜆𝑛 was 

proposed in order to eliminate the trial and error process for weighting factor selection when 

tuning. This system agnostic design criterion was then tested using the Monte Carlo method. Two 

input waveforms along with four sets of transfer functions were used to determine an optimal 

range for the normalised weighting factor 𝜆𝑛 . The performance of this newly introduced 

normalised design criterion was also put to the test against the commonly used standard IFT 

design criterion. The results showed that this novel design criterion provides more robustness to 

the system tuning process, and allows the system designer to eliminate one variable that has 

always been determined without any basis when tuning. While no physical experiments were 

performed in this chapter, the similarity in tuning characteristics between the normalised and 

standard design criteria can confidently demonstrate the suitability of the newly introduced 

design criterion in experiments. 
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Chapter 5 

 

Impedance Control with Iterative Learning 

Capabilities 

5.1. Introduction 

As discussed in the first chapter, rehabilitation after the onset of stroke is critically important 

to a patient’s health and quality of life post-incident. In terms of the rehabilitation of lower limbs, 

traditionally it involves some form of body weight supported (BWS) type of training with manual 

assistance from the physiotherapist. This is usually performed on a specially designed treadmill 

with a body harness attached to the trunk of the patient as shown in Figure 5.1. This method of 

rehabilitation has been in use for more than 20 years, and usually commences within one month 

after the stroke incident when the patient is still not capable of moving their legs on their own [43, 

161]. It has been shown in studies to improve the gait of the patient significantly, including the 

step length, gait speed and endurance. 
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Figure 5.1: Manual physical therapy with BWS treadmill [162]. 

Similar to rehabilitation strategy recommendations given to other training types, study has 

shown that the BWS type training can be improved if the rehabilitation movements follow a 

defined, rhythmic, and repeated trajectory [42]. This requires the constant attention and 

assistance from the physiotherapist even when the patients have some capabilities in movement 

on their own. As a result, this type of lower limb rehabilitation sessions are extremely cost and 

labour intensive as it usually necessitates a team of three or more physiotherapists, who work 

together to guide the hip and legs of the patient along the desired trajectory [163-166]. Often the 

manual manipulation and training session is only able to last for 10 to 15 minutes before the 

exhaustion of the physiotherapists, and the repeatability and force precision are poor [42]. 

There have been a number of previous efforts in the development of robot platforms for gait 

rehabilitation and training, and the majority of which are robotic versions of the traditional BWS 

arrangement. Examples of which include LOPES, AutoAmbulator, and Lokomat [27, 75, 167]. 

While these systems have shown to be beneficial to the rehabilitation outcome, they have major 

drawbacks and disadvantages such as bulky actuators, uncomfortable fit, and poorly designed 

adjustment mechanisms. These issues potentially detract from rehabilitation quality and reduce 

the users’ motivation level when it comes to using these platforms. Research is currently being 

undertaken by the University of Auckland in order to overcome some of these shortcomings of 
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the existing devices. The resulting robotic device proposed has been named Human-inspired 

Robotic Exoskeleton (HuREx). The concept for the overall system is shown in Figure 5.2. 

Currently it is in its first phase of development where the knee joint component has been 

developed [61]. 

 
Figure 5.2: Human-inspired Robotic Exoskeleton (HuREx) system concept. 

The knee joint plays a pivotal role in the human gait cycle. During each gait cycle, the knee 

joint goes through four motion arcs, comprising of flexion and extension movements [168]. 

However, these flexion and extension movements in the sagittal plane are not the only movements 

in the gait cycle. The complete knee joint kinematics comprises of six degrees-of-freedom. Its 

complete range of motion can be described in the sagittal, coronal and transverse planes, though 

the sagittal plane motion is the main component. As a result the joint can be simplified using a 

model with fewer DoF, while still achieving good accuracy. The joint torque in the sagittal plane 

also follows a cyclical profile with parts resembling a sinusoidal waveform [169]. Upon further 

inspection, the flexion and extension movement is not a pure revolving motion. The actual true 

movement closely resembles a four-bar linkage structure [170]. Additionally, each person 

possesses a unique movement pattern due to small kinematic differences in the knee joints. 
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5.2. System Description 

5.2.1. Orthosis design 

In order to provide a safe and comfortable pHRI experience, the exoskeleton design is 

customised to each individual user. Due to the recent advancement in rapid prototyping, this 

customisation of parts can be made possible using 3D printing. Owing to the custom designing 

process, the orthosis provides a better fit without the need to add adjustment points. This is 

currently not possible with other existing orthosis solutions. Another advantage to this 

customisation process is that the better fit provided by the components reduces sliding between 

the leg and the exoskeleton, thus allowing for more accurate position measurement, and is 

important for control system performance. The design of the orthosis is shown in Figure 5.3(a). 

The HuREx knee joint device has one active DoF which allows rotation in the sagittal plane, and 

one passive DoF designed to automatically correct for joint misalignment during rotation. This 

enables the device to follow the instant centre of rotation of the knee joint with only one active 

DoF. The actual developed prototype is shown in Figure 5.3(b), where the shank component slides 

up when the knee joint undergoes flexion movements. The prototype components were 3D 

printed using polylactic acid plastic. A layer of plain weaved fibreglass and epoxy resin composite 

was then applied for reinforcement. 

  
(a) (b) 

Figure 5.3: HuREx knee rehabilitation orthosis design. (a) Digital rendering of the 
wearable orthosis design. (b) Automatic passive correction for joint misalignment. 

Thigh 
attachment 

Shank 
attachment 
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5.2.2. Actuation 

A pair of pneumatic muscle actuators arranged antagonistically is used to provide the 

necessary torque at the knee joint. 400mm Festo DMSP-40 PMAs (Figure 5.4) are chosen as the 

actuators as each muscle actuator is able to provide up to 6000N of force at 600kPa of air pressure. 

The PMAs are configured about a 20mm radius aluminium pulley located at the knee joint. The 

pulley is connected to the PMAs by two Bowden cables, which represent the tendons and 

ligaments. This actuation and measurement arrangement is very similar to the test platform 

described in Chapter 3. 

 
Figure 5.4: Festo DMSP-40 pneumatic muscle actuator. 

The pneumatic circuit shown in Figure 5.5 also utilises a similar arrangement to the one 

described earlier in Chapter 3. Two solenoid valves control the intake and exhaust on each PMA, 

with air supplied by a low noise regulated air compressor. The solenoid valves are PWM 

controlled with a 250Hz frequency. 

 
Figure 5.5: HuREx knee orthosis pneumatic circuit schematic diagram. 

5.2.3. Sensing and control 

A variety of sensors are installed on the device. For position feedback, a magnetic rotary 

encoder is embedded into the pulley system to keep track of the joint angle. A Festo pressure 
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transmitter is mounted on each PMA to give the pressure difference measurement between the 

outside and inside of the pneumatic muscles. For force feedback, FUTEK strain gauge load cells 

LTH350 are also installed in series with the PMAs. The sensors and actuators are interfaced to a 

National Instruments CompactRIO™ 9072, which provides real-time control, and is programmed 

using LabVIEW™. Pneumatic and electrical limit switches are also installed to provide additional 

safety to the user. 

5.3. Impedance Control 

5.3.1. Base impedance control structure 

To maximise the safety factor of the interaction between HuREx and the user, an impedance 

control structure is implemented with a force control inner loop and a position control outer loop. 

When used in trajectory tracking mode with no active user input, the user is treated as an 

admittance, and the orthosis acts as an impedance. The level of impedance can be adjusted to give 

varying reference tracking performance with the trade-off of interaction torque. 

The antagonistic arrangement of the PMAs also indicates that the inner force controller 

needs to be either a MIMO type controller or two separate controllers working in tandem. Two 

SISO PID controllers are used here in order to allow for easy implementation and as mentioned in 

Chapter 2, a MIMO system may not be the best fit for the IFT technique due to its non-convex 

nature and IFT is a convex method. The control structure schematic is shown in Figure 5.6, where 

𝑟 is the pulley radius, 𝜃𝑑 is the desired knee joint angle relative to the thigh, 𝜃 is the actual joint 

angle, 𝜏𝑑 is the desired joint torque obtained from the impedance controller, 𝐹𝑑 is the desired 

force for each PMA, 𝐹 is the output force, and 𝐴𝑣 is the valve opening percentage for each PMA. 

This control structure forms the basis of all experiments performed in this chapter. 
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Figure 5.6: HuREx impedance control scheme. 

As both PMAs should be in tension at all times, a nominal force has been added to the 

actuators to avoid negative force values. A force distribution component is also needed to convert 

the desired joint torque 𝜏𝑑 to desired forces [171]. The resultant force distribution equations are 

presented in (5.1) and (5.2) for the two PMAs, where 𝐹𝑛  is the nominal force: 

𝐹𝑑,1 = �
𝜏𝑑
𝑟 + 𝐹𝑛  , 𝜏𝑑 ≥ 0

          𝐹𝑛  , 𝜏𝑑 < 0
 (5.1) 

𝐹𝑑,2 = �
              𝐹𝑛  , 𝜏𝑑 ≥ 0
−𝜏𝑑
𝑟 + 𝐹𝑛  , 𝜏𝑑 < 0  (5.2) 

The control loop is run at 100Hz to ensure smooth control actions and a stable system. All 

experiments performed in this section is done with a static 4kg steel weight attached to the shank 

brace, to ensure that the tuning process is not affected by external disturbances for this stage of 

testing. The normalised design criterion first proposed in (4.6) on Page 64 is used, along with the 

Gauss-Newton algorithm for the Hessian matrix, and frequency weighting filters 𝐿𝑦𝑦 and 𝐿𝑢 are set 

to 1. The normalised weighting factor 𝜆𝑛 is set to 1 × 10−3 for all experiments in this section. The 

impedance controller is a proportional-derivative control with controller gains set to 𝐾𝑃 = 2 and 

𝐾𝐷 = 0.1, which allow for position deviations when the force is excessively large. 
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5.3.2. Pneumatic valve linearisation 

While the IFT technique is shown to be effective on systems with some nonlinearities in this 

and other studies, it is still a good idea to try to linearise parts of the system where it is 

significantly nonlinear or where it possesses discontinuities. The solenoid valves that control the 

inlet and outlet on each PMA are prime candidates for this. A flow rate vs. PWM percentage 

experiment was conducted. The result is plotted on a graph shown in Figure 5.7, which shows a 

dead zone below 20% PWM duty cycle. A model for the solenoid valves created based on the 

result is presented in (5.3), and is used in the control loop to translate the desired valve opening 

percentage to the actual PWM control signal value [172]. 

𝑃𝑊𝑀% = � 0 , 𝐴𝑣 = 0
0.8𝐴𝑣 + 20 , 𝐴𝑣 > 0 (5.3) 

 
Figure 5.7: Flow rate vs. PWM duty cycle for the solenoid valve. 

5.3.3. IFT tuning of the inner force controller 

The control system should be tune from the inside out to ensure optimal performance for 

each layer, and therefore the inner force controllers were tuned first. The procedure used to 

tuning is as follows. Each tuning experiment was repeated 3 times for consistency to make sure 

that the results presented here are representative of the true response. A sinusoidal waveform was 

used to tune the force controllers, as it is easy to generate, measure, and it also resembles closely to 

a portion of a gait cycle force profile. Three sets of input frequencies were tested with an increase 
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in frequency for each experiment in order to not exceed the limit of the force controllers from the 

outset. Ten iterations of optimisation were performed for each set with an extra iteration used as a 

test for tuning performance. Note that only one controller was tuned using IFT while the other 

was held at a constant force to avoid any unwanted interaction between the two actuators and 

controllers. PMA number one was tuned each time, and after tuning, the controller parameters 

obtained was then copied across to the second PMA and both controllers were set to a standard 

PID without IFT. This is to say that the tuning process was not performed online while the system 

was in full operation. However, even though online tuning was not performed, the online version 

of IFT with three experiments was still required. This is because the second experiment needs to 

be the same waveform to avoid any unintended behaviours. Otherwise the second experiment 

would have a signal of almost no amplitude when the error from the first experiment is small, and 

this small oscillatory error signal could exceed the bandwidth of the system. 

5.3.3.1. 0.05Hz input 

First, the input sinusoidal waveform with a frequency of 0.05Hz was applied to PMA 1, while 

PMA 2 receives a 250N constant force. The result is shown in Figure 5.8. It is evident that the 

force controller is becoming more optimised with the force response matching more closely to the 

desired force profile. The second experiment responses also cease to be obviously different from 

the first and the third experiment responses, which also indicate that the system error becomes 

very small towards the end of the tuning process. In Figure 5.9(a) it can be seen that the force 

errors in the first two experiments of the initial iteration contain large error peaks. This is due to 

the start-up delay and compressor spike in the first experiment of the first iteration, which makes 

that response not representative of the actual performance of the system with that set of controller 

gains. Consequently, the third experiment of the first iteration is used for analysis. The force inner 

loop system responses before and after tuning are shown in Figure 5.9(b). The post-tuning data in 

Figure 5.9(b) is the first experiment of the 11th iteration with the controller parameters from the 

10th iteration applied. It is clearly evident that the tuned response is much better than the one 

before tuning. A mean squared error value is calculated for each force response. The MSE for the 

before tuning response is 1219.6, and 30.6 for the after tuning response. It can also be seen from 
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the 𝐽𝐽(𝜌𝜌) value profiles in Figure 5.9(c) that there is a dramatic improvement for the first three 

optimisation iterations, where the design criterion is minimised to close to optimal. 

 
Figure 5.8: Force controller tuning profile for both PMAs with 0.05Hz input frequency. 

(a) PMA 1 force profile. (b) PMA 2 force profile. 

96 



 
 

Impedance Control with Iterative Learning Capabilities

 
 

 
Figure 5.9: 0.05Hz input frequency force tuning result. (a) Error profile during tuning. 

(b) Force control loop responses before and after tuning. (c) 𝑱(𝝆) value profile. 

5.3.3.2. 0.1Hz input 

A 0.1Hz input waveform was used for the second test, and the tuning profile for PMA 1 is 

shown in Figure 5.10. As with the 0.05Hz test, the response also successfully converges to an 

optimal solution after about the same number of iterations, which is confirmed in Figure 5.11(c). 

The before tuning and after tuning plots for the force controller is plotted in Figure 5.11(b). The 

MSE calculated for the before tuning response value is 1579.2, and for the after tuning response 

value is 51.9, which is a huge improvement from the pre-tuning value. It can also be seen that the 

post-tuning system response is almost indistinguishable from the reference force trajectory used. 
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Figure 5.10: Force controller tuning profile for PMA 1 with 0.1Hz input frequency. 

 
Figure 5.11: 0.1Hz input frequency force tuning result. (a) Error profile during tuning. 

(b) Force control loop responses before and after tuning. (c) 𝑱(𝝆) value profile. 

5.3.3.3. 0.2Hz input 

For the final tuning test, a sinusoidal waveform with a 5 second period is used, and the result 

for PMA 1 tuning is shown in Figure 5.12. It can be seen that at the beginning of the tuning 

process, the response is much worse than in previous tests, with the shape of the second 

experiment of the first iteration very much unrecognisable. However the response still converges 
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to give a very good response after approximately 4 iterations, although the second experiment 

waveforms can still be distinguished from the other two experiments in this case, indicating that 

the system errors are not as small as in previous tests. The comparison of the before and after 

tuning responses is shown in Figure 5.13(b). In this instance it can be clearly seen from Figure 

5.13(a) that the response waveform at the start of the tuning process is very poor, with a 

maximum error of up to 150N at the start of the cycle and around 100N at several points 

throughout the cycle. In Figure 5.13(b) it is evident that while the force response has tightened up 

significantly, the performance is still not as good as it was in previous tests. Additionally, some 

high frequency oscillations can be seen, which shows that very high system gains and control 

action is needed to achieve this response. This indicates that the limit of the control loop and the 

system has been reached. A MSE value of 6923.6 is calculated for the before tuning response, 

which is significantly larger than that of the previous tests. The MSE for the after tuning response 

with a value of 147.5 is also three times worse than previous results. 

 
Figure 5.12: Force controller tuning profile for PMA 1 with 0.2Hz input frequency. 
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Figure 5.13: 0.2Hz input frequency force tuning result. (a) Error profile during tuning. 

(b) Force control loop responses before and after tuning. (c) 𝑱(𝝆) value profile. 

The controller parameters generated by the IFT algorithm are shown in Table 3.2. For both 

the 0.05Hz and 0.1Hz input waveforms, the IFT algorithm generated a proportional only control, 

whereas for the fastest reference input waveform, the algorithm generated a proportional-integral 

control. It is thought that the overall impedance controller will demand a faster force response 

than the frequency of the trajectory input waveform to correct for force errors. Thus the controller 

parameters obtained from the 0.2Hz test was used in the full impedance control loop. 

Table 5.1: Comparison of PID gains after tuning of the inner force controller 

 Starting values 0.05Hz input 0.1Hz input 0.2Hz input 

𝑲𝑷 0.1 0.648 0.653 1.489 

𝑲𝑰 0 0 0 0.707 

𝑲𝑫 0 0 0 0 

𝑱(𝝆) - 27835 20368 26602 

MSE before - 1219.6 1579.2 6923.6 

MSE after - 30.6 51.9 147.5 
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5.3.4. Impedance control test 

The tuned force controllers were integrated into the full impedance control structure 

presented previously in Figure 5.6. As the mean percentage weight of foot and leg segment in an 

adult is around 6.5%, combined with the mean adult weight of 67.5kg, it was determined that a 

4kg weight was to be used to simulate the weight of a human leg and foot [173]. A proportional-

derivative control is used as the impedance controller. The impedance was set to a level that allows 

for limited error while keeping the torque at the joint at a safe level, thus 𝐾𝑃 = 2.0, and 𝐾𝐷 = 0.1. 

The nominal force 𝐹𝑛 for the PMAs was set at 100N. A sinusoidal trajectory with a peak to peak 

range of 20 degrees and a frequency of 0.05Hz was used. Approximately 120 seconds of data was 

collected for each experimental run. The joint angle and the joint torque were recorded, with the 

result shown in Figure 5.14. The joint torque is calculated from the PMA force sensor readings. It 

is evident that the measured joint angle closely follows the desired angle, while limiting the joint 

torque to around 5Nm maximum. The maximum joint angle error is calculated to be 2.28°, while 

the root mean squared (RMS) error is 0.78°. RMS value is provided here as it gives the same unit 

as the measurements unlike MSE. The force controller inner loop data is shown in Figure 5.15. It 

can be seen that the actual force profiles follow the inner force control trajectory shape wise, but 

contain less oscillations. The amount of noise in the trajectory is due to noise amplification as well 

as due to measurement. Additionally, because of the inherent damping present in the PMAs, as 

well as the general friction in the system, the actual force profiles are smoother and contain less 

noise. The amplitude of force of PMA 2 is smaller than that of PMA 1 due to the gravitational 

effect from the static weight. The effect of the nominal force can also be seen in both plots as a 

clear 100N minimum boundary exists. 
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Figure 5.14: Impedance control test. (a) Measured joint angle. (b) Calculated joint 

torque from force measurements. 

 
Figure 5.15: Force measurements for impedance control test. (a) Force profile of PMA 1. 

(b) Force profile of PMA 2. 
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5.4. Optimising for Joint Angle Tracking 

Apart from tuning the force controllers using IFT, it is also possible to implement the 

iterative learning capability directly onto the impedance controller as well. By choosing an 

appropriate 𝜆𝑛 value it is possible to attain the best tuning outcome based on the application, such 

as to optimise for the best system response, or to optimise for the least control action, or 

somewhere in between. In this section, as the algorithm used is the normalised IFT using a 𝜆𝑛 

value that lies within the optimal range specified in Chapter 4, the system would be tuned for the 

quickest response scenario. This means that the impedance controller is optimised for position in 

this case. Essentially the algorithm will try to find an optimal stiffness of the orthosis that allows 

for the best position tracking ability at an acceptable level of control action. This type of response 

will have the advantage of limiting the amount of valve movement and reduces air supply demand 

from the compressor. It also means that the inner force loops in addition to the device itself are 

treated as a black box. 

The setup for the IFT tuning of the impedance controller is as follows. The same test 

conditions described in subsection 5.3.4 were used. In addition, 10 iterations of optimisation were 

performed, with the 11th iteration acting as a test. The starting parameter values were set at 

𝐾𝑃 = 0.1, 𝐾𝐼 = 0, and 𝐾𝐷 = 0. The 𝜆𝑛 value was set to 1 × 10−3, which is at the upper end of the 

recommended range when tuning for system response. Ten such tuning tests were performed to 

ensure that the algorithm is able to converge to a solution consistently. The result of one of the 

tests is presented below. 

In Figure 5.16(a), it can be seen that IFT with the normalised design criterion successfully 

converges to a local minimum. Although in this case, it took the algorithm until the 8th iteration to 

produce an optimal result. Notably, tuning was successful even when the first three iterations 

produced negligible orthosis movements as seen by the near flat line. This indicates that there is 

likely to be significant nonlinearity and static friction present in the system, combined with 

unoptimised controller parameters at the start of the tuning process, result in the lack of system 

response. However, it also demonstrates the robustness of the IFT algorithm, being able to cope 

with this nonlinearity and produce an excellent result under difficult conditions. The joint torque 
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shown in Figure 5.16(b) also indicates that the torque gets progressively larger as the system is 

tuned. It is also evident that at the end of the tuning process, while the position error is at its 

lowest value, the torque is at its highest. The maximum torque reached is 7.64Nm, which is also 

40.8% higher than the maximum value reached for the impedance controller in the previous 

section. When looking at the system response after the tuning process in Figure 5.17(b), there 

appears to be a slight lag when changing the direction most likely due to system backlash from the 

Bowden cables. However, the maximum joint angle error of 1.57° is lower than the static 

impedance controller. The RMS error of 0.53° is also lower, meaning that the joint angle response 

is improved from the previous controller. 

 
Figure 5.16: IFT tuning of the impedance controller for joint angle tracking. (a) 

Measured joint angle. (b) Calculated joint torque from force measurements. 
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Figure 5.17: Optimising for joint angle tracking performance. (a) Error profile during 

tuning. (b) System responses before and after tuning. (c) 𝑱(𝝆) value profile. 

5.5. Feedforward Controller 

It has been shown in previous sections that the IFT technique is able to tune both the inner 

force controllers and the impedance controller without relying on system knowledge. While the 

results are satisfactory, the IFT algorithm was first developed for linear time-invariant systems 

[96]. And as discussed before, the PMAs are highly nonlinear and time varying, which diminishes 

the effectiveness of IFT. Additional nonlinearities also come from the Bowden cable friction and 

backlash, although effects from these are not as apparent as compared to the nonlinearities from 

the PMAs. In this section, a feedforward controller is implemented in order to provide more 

linearity to the system as an attempt to improve the effectiveness of IFT on the HuREx knee 

orthosis. 

5.5.1. PMA modelling 

To enable the feedforward controller, the motion and force relationship of the PMAs needs 

to be understood. However, as pneumatic muscle actuators are highly nonlinear, it cannot be 

represented by a simple model. By subjecting the PMA to various pressures and forces, the 
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contraction in percentage of total PMA length can be measured. A two dimensional polynomial 

model was used to fit the test result, and is shown in (5.4). The model consists of a third order fit 

for percentage contraction and a first order fit for the force, as this combination provides a good 

balance between accuracy and complexity. The 𝑅𝑅2 value obtained for this fit is 0.9978. 

𝑃(∆𝑥𝑥,  𝐹) = 𝑝00 + 𝑝10∆𝑥𝑥 + 𝑝01𝐹 + 𝑝20∆𝑥𝑥2 + 𝑝11∆𝑥𝑥𝐹 + 𝑝30∆𝑥𝑥3 + 𝑝21∆𝑥𝑥2𝐹 (5.4) 

where 𝑃 is the pressure in bar (100kPa), ∆𝑥𝑥 is the percentage PMA contraction, F is the force 

applied to PMA, and 𝑝𝑥  are the coefficients obtained from the fit [174]. The percentage 

contraction for the PMA can be calculated based on the pulley geometry: 

∆𝑥𝑥 = 𝑥𝑥𝑖𝑖 + �𝜃 +
𝜋
4� 𝑟 (5.5) 

where 𝑥𝑥𝑖𝑖 is the resting initial contraction of the PMA and 𝑟 is the pulley radius.  

A volume-length relationship was also established by varying the PMA pressure and 

measuring the change in contraction. A third order polynomial fit is shown in (5.6), where 𝑎𝑖𝑖 are 

the coefficients obtained from the fitting process [174]. 

𝑉 = 𝑎0∆𝑥𝑥3 + 𝑎1∆𝑥𝑥2 + 𝑎2∆𝑥𝑥 + 𝑎3 (5.6) 

5.5.2. Implementing the feedforward controller 

A second order dynamic equation is used to describe the overall model of the system, as 

shown in (5.7). 𝐼, 𝐵 and 𝐺 are inertia, friction and gravity coefficients, which are estimated using 

first principle models. 𝜃𝑘 and 𝜃ℎ are the sagittal plane knee and hip joint angles respectively. 𝜏 is 

the total joint torque at the knee [171]. 

𝐼�̈�𝑘  + 𝐵�̇�𝑘 + 𝐺𝑠𝑖𝑖𝑛(𝜃𝑘 + 𝜃ℎ ) = 𝜏 (5.7) 

where 𝐵 = 10,  𝐼, 𝐺, and 𝜏 are given in (5.8), (5.9), and (5.10) respectively. 
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𝐼 =
𝑚𝐿2

3  (5.8) 

where 𝐿 is the length of the shank and foot. 

𝐺 =
𝐿𝑚𝑔

2  (5.9) 

where 𝑚 is the mass of the shank and foot, and 𝑔 is the gravitational coefficient. 

𝜏 = (𝐹1 − 𝐹2)𝑟 (5.10) 

where 𝐹1 and 𝐹2 are the computed forces for each PMA. 

It is now possible to compute the PMA forces using (5.7), and substitute into (5.4) to obtain 

the pressure values. Additionally, by differentiating (5.3) and (5.4), an expression for the mass flow 

rate of air can be obtained: 

�̇� =
�̇�𝑉
𝛾𝛾𝑅𝑅𝑇 +

𝑃�̇�
𝑅𝑅𝑇 (5.11) 

where 𝑅𝑅 is the universal gas constant, 𝛾𝛾 is the ratio of specific heats, and 𝑇 is the temperature of 

the air. Finally, the area of the pneumatic valve opening 𝐴𝑣 can be computed using (5.12) and 

(5.13) [61]. 

𝐴𝑣 =
�̇�(𝑃𝑢,𝑃𝑑)
𝛬(𝑃𝑢,𝑃𝑑)  (5.12) 
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Λ(𝑃𝑢,𝑃𝑑) =
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 (5.13) 

where 𝑃𝑢 and 𝑃𝑑  are upstream and downstream pressures respectively, 𝐶𝑟  is the choked and 

unchoked flow pressure ratio, and 𝐶𝑓  is the discharge constant [61, 174]. The feedforward 

controller therefore calculates the theoretical area opening of the pneumatic valve for each PMA 

using the models derived for the system and motion information (i.e. 𝜃𝑑 , �̇�𝑑, and �̈�𝑑) as the input. 

A closed-loop feedback control is also used to deal with disturbances in the system. The complete 

control system structure is shown in Figure 5.18. 

 
Figure 5.18  Impedance control with feedforward element. 

5.5.3. Feedforward controller experiments 

The feedforward control system was implemented and several tests were run. For each test, 

three runs were performed to ensure the consistency of the result. To minimise the number of 
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changing factors and to allow for comparison, the controller parameters for the feedback force 

controllers were set to the values obtained by IFT tuning previously, where 𝐾𝑃 = 1.49, and 

𝐾𝐼 = 0.71. The same sinusoidal waveform was used as the reference trajectory. The control loop 

was run at 100Hz to ensure smooth control actions. For the first experiment, the impedance 

controller was also set to the same as the previous value, where 𝐾𝑃 = 0.2, and 𝐾𝐷 = 0.1. The 

system was actuated for 6 trajectory cycles and the result is shown in Figure 5.19 with the first 

cycle discarded due to large errors present at system start-up. It can be observed that the trajectory 

tracking performance is good. The measured joint angle follows closely to the desired angle apart 

from around the 9 and 90 second marks. The joint torque profile is also well controlled where in 

most situations it remains below the 5Nm mark. It only exceeds the 5Nm limit when the error gets 

excessively large at the two points mentioned before, peaking at 6.72Nm. The maximum joint 

position error measured is 2.46° and the RMS error is 0.52°. 

The second test performed using the feedforward control structure and a static weight used 

IFT to tune the outer impedance control, optimising for trajectory following accuracy. The 

resultant set of controller parameters were tested through 6 trajectory cycles with the first one 

discarded, and the result of which is shown in Figure 5.20. Surprisingly, while the trajectory 

tracking performance at high joint velocity parts is good, there is some lag evident at the turning 

points of the trajectory. The torque profile shown in Figure 5.20(b) produces a smoother result as 

compared to the result in Figure 5.19(b). The maximum joint torque value reached is 6.77Nm, 

which is similar to the previous test, though this time this value is reached at every trajectory cycle. 

In terms of joint angle error, the maximum error is 2.28° with an RMS error of 0.74°, and is 

slightly worse than the result in Figure 5.19(a). 
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Figure 5.19: Feedforward control using manually tuned impedance controller 
parameters. (a) Measured joint angle. (b) Calculated joint torque from force 

measurements. 

 
Figure 5.20: Feedforward control using iteratively tuned impedance controller 

parameters. (a) Measured joint angle. (b) Calculated joint torque from force 
measurements. 
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5.6. Human Participant Tests 

The performance of the standard impedance control structure and the feedforward control 

structure were tested on a healthy human participant. The test subject was aged 24, with a height 

of 1.78m and a weight of 72kg. This trial has been approved by the University of Auckland 

Human Participants Ethics Committee (reference number 9731). The two tests that gave the best 

results in the static weight scenario were selected. The tests were set up in exactly the same manner 

as in the static weights test, other than replacing the static weight with the human participant. The 

participant was asked to strap the orthosis onto the thigh and the shank, ensuring that it was tight 

yet comfortable. The participant was then asked to remain seated, and to not exert any forces onto 

the orthosis during the tests, in order to stay as close to pure trajectory tracking as possible. The 

first test performed was the feedforward control structure with the outer impedance controller 

tuned to limit forces, as set up in the first part of section 5.5.3. The result of the test is shown in 

Figure 5.21. It can be seen that the joint angle tracking performance was relatively poor in one 

direction, but good in the other direction, which may indicate some gravitational compensation 

issues. Although the joint torque increases towards the end of the test to try to compensate for the 

position error, the joint angle tracking performance did not improve, but deteriorated instead. 

The maximum error for the joint angle is 6.07°, and the RMS error for the joint angle is 2.92°. 

Both values are significantly higher than those from the static weight tests. 
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Figure 5.21: Experiment on human lower limb using the feedforward impedance control 

structure. (a) Measured joint angle. (b) Calculated joint torque from force 
measurements. 

The second test was conducted using a standard impedance control structure, with the outer 

controller tuned iteratively, as set up in section 5.4. IFT was run to tune the system and the 

resultant controller parameters were used to generate the result shown in Figure 5.22. In other 

words, the IFT algorithm was not operated online. It can be seen from the reference trajectory 

tracking results in Figure 5.22(a) that the performance is much more improved than the previous 

test, although some oscillations and backlash are present. When looking at the joint torque profile 

in Figure 5.22(b), it is evident that there is much less noise present. Another interesting 

observation is that even with the better joint angle tracking performance, the range of the joint 

torque is smaller, and the peak torque values are approximately the same as compared to the 

previous test. The maximum joint angle error achieved was 3.36°, and the RMS error was 1.02°. 
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Figure 5.22: Experiment on human lower limb using the IFT tuned impedance control 

structure. (a) Measured joint angle. (b) Calculated joint torque from force 
measurements. 

5.7. Discussion 

To establish proper impedance control, the inner force controllers were tuned first. All three 

tests with varying actuation frequencies were successful, though at the fastest input frequency, 

oscillations starts to appear in the tuned result indicating that the control system is near its limit. 

Additionally, as the frequency was increased, the MSE value increased too. Another curious 

observation when the tuning results are compared together is that for the slower input waveforms 

of 0.05Hz and 0.1Hz, the IFT algorithm generated a proportional only controller, whereas for the 

0.2Hz input frequency, the algorithm generated a proportional-integral controller. This is most 

likely due to the reference waveform used. At low frequencies, the integral is not necessary as the 

error is small enough without adding additional phase lag to the system. Also the derivative 

component was not necessary because the input waveform was a smooth profile. 

Because the normalised design criterion was used for the tuning process, the 𝐽𝐽(𝜌𝜌) value 

obtained can be compared across the three tests. Figure 5.23 shows a comparison of design 
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criterion values at each iteration for the three tests, where a logarithmic scale was used to 

emphasise the differences in the iteration by iteration 𝐽𝐽(𝜌𝜌) values. It can be seen that all three 

followed a very similar pattern, with the 0.1Hz giving a lowest result. Furthermore, at no iteration 

was there an increase in the 𝐽𝐽(𝜌𝜌) value in all three tests, which shows that the IFT algorithm is 

very suitable to tune the inner force controllers. 

 
Figure 5.23: 𝑱(𝝆) value comparison for tuning of the inner force controllers. 

The standard impedance control result provided a baseline for comparison for the rest of the 

tests. The trajectory tracking performance is already very good without any modifications, and the 

joint torque was kept at a low level. An interesting observation is that the peak amplitude of the 

torque profile is similar to the knee joint torque profile for a normal gait cycle in [169], indicating 

that the impedance is set to the right range. However, as the impedance controller used was of a 

proportional-derivative variety, there were significant oscillations in the joint torque profile. It 

also means that the control signals for the inner force controllers were constantly saturated, as 

seen in Figure 5.24. This level of control action chatter is obviously not optimal, and is detrimental 

to system performance. 
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Figure 5.24: Excessive control actions with extended saturation for the impedance 

control. 

Furthermore, a much slower waveform than the ones used to tune the inner force controllers 

was required in order to establish proper control for the overall impedance control, as the 

bandwidth requirement in the inner loop quickly exceeds the system capability. As a result, a 

standard gait trajectory could not be used as the reference input due to its speed being too high. 

This issue is partly due to hardware design, where the PMAs are large with very high inertia. It is 

also partly due to the compressibility of air slowing down the response. 

In IFT tuning of the impedance controller, the result was very good with improved reference 

trajectory tracking performance. However, smoothness was sacrificed. Backlash can be seen in the 

tuned response along with slight oscillation. The controller’s derivative parameter was not 

increased by the algorithm resulted in this lag when changing directions. The reason for this 

behaviour is likely due to the additional components being treated as a black box which increases 

the nonlinearity, which the IFT algorithm compensated by increasing the integral gain and 

dropping the derivative gain. On a positive note, the flat line response in the first 3 iterations of 

tuning did not prevent the system from successful convergence at all. This indicates that the IFT 

algorithm is very robust even for situations where a user does not have the ability to move the 

knee at all. 

For the feedforward control tests, the normal impedance controller performed slightly better 

than the IFT tuned version. While the RMS errors of the joint angle are similar for both tests, the 
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maximum error is larger in the IFT tuned controller. This discrepancy is again due to the system 

lag when changing direction along with small oscillations in the response. As the system lag 

usually requires higher controller gains to mitigate, and the chatter in the high joint angle speed 

region also means that the gains may be too high. This indicates that additional system modelling 

is needed to compensate for this nonlinearity. 

Finally, in the human participant experiments, the differences in performance for the two 

controllers tested are easily seen. As the rehabilitation orthosis has a much smaller mass compared 

to the human lower limb, and as the feedforward control only relies on the desired joint motion 

information, the IFT control configuration was the clear winner. The IFT tuned feedback only 

impedance controller performed much better with a lower joint torque range as well as a much 

lower RMS joint angle error value. This set of results clearly shows how IFT can be used to provide 

more robustness to the system, achieving better performance by automatically tuning the 

controllers. It is also possible to further improve the results with online tuning of either the 

impedance control or the inner force control, depending on the requirements. Careful 

considerations must be taken to tune the inner force control as the real-time reference waveform 

may not be suitable for direct online tuning, without any signal modification. 

5.8. Chapter Summary 

In this chapter, iterative learning capabilities have been implemented onto an impedance 

control of a knee rehabilitation orthosis. First, the inner force controllers were tuned using the 

Gauss-Newton IFT technique with a normalised design criterion. Experimental results confirmed 

that IFT is very suitable for optimising the force controllers. The iterative learning algorithm was 

then used to tune the outer impedance control to optimise for joint angle response, which 

improved the overall trajectory tracking performance. The robustness of the iterative learning 

approach was demonstrated when the system was successfully optimised even when the data from 

the first three tuning iterations were effectively nil. 

A feedforward control structure has also been established by modelling the PMAs and the 

overall system dynamics. The feedforward control structure was used to predict the percentage 
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opening area of the solenoid valves, with a feedback loop to correct for external disturbances. The 

IFT technique was also used to tune the impedance controller component in this control structure. 

Finally, the two best performing systems from the static weight tests were trialled on a human 

participant for trajectory tracking performance. It was found that the iteratively tuned impedance 

control produced the best result in terms of joint angle error. It also generated a better joint torque 

profile than the feedforward impedance control. This further demonstrates that IFT is able to 

provide increased robustness to the control of a rehabilitation device. 
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Chapter 6 

 

An Improved Parallel Robot for Ankle 

Rehabilitation 

6.1. Introduction 

The ankle is one of the most complex musculoskeletal structures in the human body. When 

the term ankle is referred to in this research, it encompasses both the ankle and the subtalar joints, 

as the motion of the foot-shank complex in any direction is the result of a combination of both 

joints [175]. The ankle joint is the joint formed between the tibia, fibula, and talus, whereas the 

subtalar joint is formed between the talus and calcaneus (see Figure 6.1(a)). These two joints are 

commonly modelled kinematically using two methods. The first method is using a biaxial model, 

where the two joints are modelled as a series of single degrees-of-freedom joints, with offset in 

position and alignment [176, 177]. The second method is a revolute joint model, where a revolute 

joint is used to represent both joints [178]. In this research, the ankle is treated as a 3 DoF revolute 

joint, where the axes and directions of rotation are shown in Figure 6.1(b). Additionally, any 

deviations of the centre of rotation or misalignments are assumed to be small and inconsequential. 
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(a) (b) 

 
Figure 6.1: (a) Anatomy of the human ankle complex. (b) Rotational motions of the 

human ankle as a 3 DoF revolute joint. 

In order to provide support and propulsion for almost the entire human body, the ankle 

bears the largest loading force per surface area of any joint [179]. This exposure to such load levels 

makes the ankle prone to injuries. Ankle sprain defined as a typical ankle injury is a weight-

bearing injury involving plantar flexion and inversion of the foot [180]. Ligaments damaged can 

include the anterior talo-fibular ligament, the calcaneo-fibular ligament, and the posterior talo-

fibular ligament. Ankle sprains are one of the most common injury types incurred by athletes [181, 

182]. Additionally, the most common disposition for ankle sprains is the previous history of at 

least one ankle sprain [183]. In the year 2014 alone, approximately 120,000 new claims relating to 

ankle injuries were made to the Accident Compensation Corporation in New Zealand, with an 

estimated cost of NZ$120 million for that time period [180]. In the United States, there are over 

23,000 cases of ankle sprain injuries reported daily [184]. Repetitive ankle sprain sufferers have 

been reported to have functional and chronic instability [185-187]. 

Aside from sports injuries, stroke sufferers also suffer from locomotion problems post-

incident. Drop foot is a common impairment associated with stroke patients, caused by the 

weakness in dorsiflexor muscles in the paretic foot, which are used to lift up the foot [62]. This 

drop foot syndrome creates complications such as heel slap and toe drag, thus resulting in 

instabilities during gait. 

Talus 

Tibia 

Fibula 

Ankle 
joint 

Subtalar 
joint 

Anterior view 

Lateral view 

Calcaneus 

𝑧𝑧 

𝑦𝑦 

𝑥𝑥 

Eversion 

Inversion 

Plantar 
flexion 

Dorsiflexion 

Abduction Adduction 

120 



 
 

An Improved Parallel Robot for Ankle Rehabilitation

 
 

For ankle sprains, the rehabilitation process is usually divided into three distinct stages. In 

the initial stage, the focus is more on the control of pain and swelling of the affected ankle. The 

PRICE (protection, rest, ice, compression, elevation) protocol is well established in the industry 

and is recommended for the initial treatment of ankle injuries [188]. The second stage involves 

range of motion exercises to prevent muscle atrophy and RoM reduction, and is usually carried 

out within 48 to 72 hours after the injury. Study has suggested that these exercises are superior to 

treatment by immobilisation [189]. The final rehabilitation stage involves proprioceptive balance 

and endurance training. This improves the patient’s coordination and strengthens the peroneal 

and dorsiflexor muscles, and is usually done using a balance board [190, 191]. 

For the second stage of rehabilitation, RoM exercises are usually performed manually, which 

has the disadvantages as explained in Chapter 1. In terms of stroke rehabilitation, similar manual 

exercises are performed by the physiotherapists. Therefore, ankle rehabilitation robots are ideal 

for this task. Several ankle rehabilitation robots have been developed in various researches in the 

past two decades. Rutgers Ankle System is one of the earliest ankle rehabilitation robots presented 

in [192] and [193], as shown in Figure 6.2. Other examples of ankle rehabilitation robots include 

PMA powered wearable devices in [62] and [59], and platform based robots in [67] and [194]. 

 
Figure 6.2: Rutgers Ankle System [192]. © ASME 1999 
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6.2. Current System Description 

6.2.1. Kinematic design 

A novel ankle rehabilitation platform has been developed by the University of Auckland to 

improve on existing rehabilitation solutions. The design utilises a parallel kinematic structure 

where the arrangement is similar to a Stewart platform. This allows for higher forces to be 

transmitted to the ankle joint, as well as allows for more accurate control as compared to serial 

manipulator structures [195]. Four active links provide redundant actuation, and the kinematic 

loop is closed with the passive link formed by the user’s shank. Each active link is of a UPS 

arrangement, where a universal joint is connected to an active prismatic joint which in turn is 

connected to a custom designed spherical joint close to the foot. A digital rendering of the robot is 

shown in Figure 6.3. A structure consisting of a ball joint and a brace is used in place of the actual 

human shank and ankle for tests without any disturbances. 

 

 
Figure 6.3: Redundantly actuated parallel robot for ankle rehabilitation. 

Several key features can be noted with this design. By using the shank of the user as one of the 

kinematic constraints of the robot, it allows the actual centre of the ankle to coincide with the 

rotational centre of the end effector. This is an improvement from the other designs where the 

location of the shank is unknown, which leads to inaccurate measurement for the motion of the 
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ankle. The use of four active links to drive the 3 DoF rotation of the ankle creates a kinematic 

redundancy, which allows the singular regions of the robot to be moved away from the workspace 

envelope. However, this redundantly actuated design creates additional difficulties in modelling 

and control of the robot. 

6.2.2. Actuation, sensing and control 

Each prismatic joint is actuated using a brushed DC motor linear actuator from Ultra Motion 

(UM Bug 5-B.125-DC92_24-4-P-RC4/4). It has a stroke length of 4 inches, a maximum force of 

over 2000N, and a top speed of 0.066m/s. For sensing, each linear actuator has a linear 

potentiometer built-in for measurement of the actuator lengths. Additionally, each linear actuator 

also possesses two magnetic limit switches to ensure the safety of operation. A load cell (Omega 

LC201-300) is also installed on each active link to provide force measurements. Finally, an 

inclinometer (Signal Quest SQ-SI2X-360DA) is installed at the bottom of the end effector foot 

plate to provide measurements in two axes that are perpendicular to the direction of gravity. 

In terms of control system hardware, a National Instruments PXI controller (NI-PXI 8106) 

and a National Instruments data acquisition (DAQ) module (NI-PXI-6229) are used for real-time 

control. A PC is also used to communicate with the PXI controller in order to upload the control 

system program and to collect data. 

6.3. Areas of Improvement for the Current Platform 

While the robot platform introduced in the previous section possesses kinematic design 

advantages over alternative solutions, the current system can be improved from several aspects. 

One fundamental issue with the current system is that the loop speed for position tracking is run 

at a frequency of 40Hz, which is detrimental to the stability of the control system. This is caused 

by the limitation in the sampling rate of the current inclinometer, and is an area for improvement. 

In terms of hardware integration, the current system is severely lacking. Various subsystems 

are needed to treat and interface control and sensor signals. Each load cell requires a dedicated 

instrumentation amplifier; the inclinometer is fed into the PXI controller using the RS232 serial 

protocol; the DAQ with a breakout box is used to handle signals from the linear potentiometers as 
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well as to the motor drivers, which then controls the linear actuators. Furthermore, the PXI 

controllers also require a dedicated PC for uploading and downloading data. While this setup is 

good for initial laboratory testing, the multitudes of connections make reliability an issue. This 

lack of hardware integration also significantly increases system bulk and cost, with the PXI 

hardware and peripherals costing upward of NZD$15,000. 

For the system to be used by physiotherapist and patients, the user experience needs to be 

improved too. Firstly, the myriad of cables and wires that need to be connected is prone to human 

error, which can result in system malfunctions. It also introduces avoidable training required by 

the system users. In terms of actual interaction during rehabilitation sessions, only predetermined 

trajectories can be used. This is detrimental to the user experience and may result in the patient 

losing motivation, and therefore presents an opportunity for improvement in terms of user 

interaction. 

6.4. Robot Hardware Integration and Update 

As the current kinematic design is mostly sound, it was not changed. An embedded data 

acquisition and communication solution has been developed. A 32-bit microcontroller unit (MCU) 

from Atmel Corporation (AT32UC3C1512C) using the AVR architecture has been chosen based 

on the required features and performance. The inputs and outputs integrated into the solution are 

listed in Table 3.3. It can be seen that the DAQs for all components on the robot are included in 

this solution. 

Table 6.1: Embedded data acquisition and communication solution architecture 

Component Count Direction (w.r.t. MCU) MCU function 

Limit switch 8 Digital in GPIO 

Load cell 4 Analog in ADC 

Linear potentiometer 4 Analog in ADC 

Motor driver 4 Analog out DAC 

Inclinometer 1 Digital in and out SPI 

Host PC 1 Digital in and out RS232 USART 
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In addition to the MCU, the required amplification components were also integrated. 

Therefore all components can be plugged directly onto the clearly labelled sockets on the device 

developed, which reduces wiring clutter and simplifies installation and troubleshooting. The 

assembled solution is shown in Figure 6.4, where the MCU module has been made relplaceable in 

case of malfunction. Note the clear size difference between the new and the old solution. The 

control system now runs on a host PC using LabVIEW™, with the communication between the PC 

and the embedded solution performed using the RS232 serial protocol. While a mini PC such as 

the Intel® NUC may be used to further reduce platform bulk, a standard full sized PC was used for 

this research. 

 
Figure 6.4: Data acquisition and communication solution developed. 

The inclinometer was also replaced with a more capable one. A two axis inclinometer 

(Analog Devices ADIS16209) capable of operating at a rate of 2.7kHz has been selected, which 

allows the ankle orientation measurements to be made at a faster frequency. A list of the major 

components used and detailed circuit designs are shown in Appendix C. 

6.4.1. Inverse kinematics 

The inverse kinematics of a parallel robot describes the translation of the end effector 

orientation to the length of the active links, which is essential for any form of robot control. As 

shown in Figure 6.5, by defining a point on the frame of the structure as the origin of the fixed 

coordinate system (𝑋𝑂 ,𝑌𝑂 ,𝑍𝑂), as well as a rotating coordinate system on the end effector (𝑋,𝑌,𝑍), 
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the vector of each active link 𝐿𝑖𝑖 can be found. It is possible to generate a rotational matrix 𝑅𝑅𝑒𝑓 that 

translates a vector from the rotating coordinate system to the fixed coordinate system. Note that 

in Figure 6.5 the analysis is performed with the platform in an inverted position from actual 

operation, with the end effector foot plate at the top and the fixed frame at the bottom. The vector 

representation of the 𝑖𝑖th active link 𝐿𝑖𝑖 can be found with (6.1), and its length is presented in (6.2). 

𝐿𝑖𝑖 = 𝑂𝐴�����⃗ − 𝑂𝐵𝚤�������⃗ + 𝑅𝑅𝑒𝑓�𝐴𝐶�����⃗ + 𝐶𝑃𝚤������⃗ + 𝑃𝚤𝑄𝚤�������⃗ � (6.1) 

𝑙𝑖𝑖 = �𝐿𝑖𝑖𝑇𝐿𝑖𝑖 (6.2) 

For the rotational matrix of the end effector 𝑅𝑅𝑒𝑓, the XYZ Euler convention is used: 

𝑅𝑅𝑒𝑓 = 𝑅𝑅𝑥𝑅𝑅𝑦𝑦𝑅𝑅𝑧 = �
𝐶𝑦𝑦𝐶𝑧 −𝐶𝑦𝑦𝑆𝑧 𝑆𝑦𝑦

𝐶𝑥𝑆𝑧 + 𝐶𝑧𝑆𝑥𝑆𝑦𝑦 𝐶𝑥𝐶𝑧 + 𝑆𝑥𝑆𝑦𝑦𝑆𝑧 −𝐶𝑦𝑦𝑆𝑥
𝑆𝑥𝑆𝑧 − 𝐶𝑥𝐶𝑧𝑆𝑦𝑦 𝐶𝑧𝑆𝑥 + 𝐶𝑥𝑆𝑦𝑦𝑆𝑧 𝐶𝑥𝐶𝑦𝑦

� (6.3) 

where 𝐶  is the 𝑐𝑜𝑠𝑖𝑖𝑛𝑒  function, 𝑆  is the 𝑠𝑖𝑖𝑛𝑒  function, and the subscripts represent the 

corresponding Euler angles. 

 
Figure 6.5: Robot kinematic description where the vector representation of an active 

link can be found by forming a closed loop chain. 
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6.4.2. End effector orientation estimation 

As the inclinometer relies on gravity to work, only the pitch and roll data of the end effector 

foot plate are directly obtainable. The orientation in the yaw direction needs to be estimated by 

calculating the forward kinematics of the robot with the help of the pitch and roll information 

[196]. While the inverse kinematics is easily obtainable for a parallel robot, the forward kinematics 

is not a trivial one. The method used in this research is based on the Gauss-Newton method. The 

design criterion (cost function) to be minimised here is the difference between the measured 

length 𝑙𝑚 for the 𝑖𝑖th link and the link length calculated using inverse kinematics based on the end 

effector orientation given. 𝐿𝑚 is the vector formation of these measured link lengths, and 𝐿 is the 

vector formation of the calculated link lengths. 

𝐶𝑓𝑘 =
1
2��𝑙𝑚,𝑖𝑖 − 𝑙𝑖𝑖�

2
𝑖𝑖=4

𝑖𝑖=1

=
1
2

(𝐿𝑚 − 𝐿)𝑇(𝐿𝑚 − 𝐿) (6.4) 

As both pitch and roll are directly measurable, it means that the instantaneous centre of 

rotation for the ankle  𝑡0 can also be iteratively calculated. This means that instead of using a 

predetermined ankle position 𝑂𝐴�����⃗  in the calculations, the actual position can be used. The 

calculated length for the 𝑖𝑖th link using inverse kinematics is now: 

𝑙𝑖𝑖=��𝑡0 − 𝑂𝐵𝚤�������⃗ + 𝑅𝑅𝑒𝑓𝑄𝑖𝑖�
𝑇
�𝑡0 − 𝑂𝐵𝚤�������⃗ + 𝑅𝑅𝑒𝑓𝑄𝑖𝑖� (6.5) 

where 𝑡0 = [𝑡𝑥 𝑡𝑦𝑦 𝑡𝑧]𝑇. 

The vector of the parameters being optimised is 𝜌𝜌 = [𝜙𝑧 𝑡0𝑇]𝑇, where 𝜙𝑧 is the yaw angle in 

ZXY Euler, which is used by the inclinometer. The formula for the next iterate of 𝜌𝜌 is given in 

(6.6), and the partial derivative matrix used to calculate the search direction is given in (6.7). The 

iteration number is denoted by subscript 𝑘. 

𝜌𝜌𝑘+1 = 𝜌𝜌𝑘 + �
𝜕𝜕𝑙
𝜕𝜕𝜌𝜌𝑘

𝑇 𝜕𝜕𝑙
𝜕𝜕𝜌𝜌𝑘

�
−1
𝜕𝜕𝑙
𝜕𝜕𝜌𝜌𝑘

𝑇

(𝐿𝑚 − 𝐿𝑘) (6.6) 
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𝜕𝜕𝑙
𝜕𝜕𝜌𝜌 =

⎣
⎢
⎢
⎢
⎢
⎡
𝜕𝜕𝑙1
𝜕𝜕𝜙𝑧

𝜕𝜕𝑙1
𝜕𝜕𝑡0,𝑥

𝜕𝜕𝑙1
𝜕𝜕𝑡0,𝑦𝑦

𝜕𝜕𝑙1
𝜕𝜕𝑡0,𝑧

⋮ ⋮ ⋮ ⋮
𝜕𝜕𝑙4
𝜕𝜕𝜙𝑧

𝜕𝜕𝑙4
𝜕𝜕𝑡0,𝑥

𝜕𝜕𝑙4
𝜕𝜕𝑡0,𝑦𝑦

𝜕𝜕𝑙4
𝜕𝜕𝑡0,𝑧⎦

⎥
⎥
⎥
⎥
⎤

4×4

 (6.7) 

Finally, the ZXY Euler convention can be converted back to the XYZ Euler convention by 

comparing the terms found in different elements of the rotational matrix. 

6.5. Wireless Interactive Robot Control Using Smart Devices 

Apart from the system integration and the reduction of excessive wiring, the user experience 

can be further enhanced by improving the interaction with the robot platform. Traditionally, 

rehabilitation robots follow a predefined rehabilitation trajectory planned by the system designer 

in conjunction with physiotherapists. As computer technology improves, more interactive HRI 

techniques have been proposed and developed. By using a brain-computer interface, the robot can 

be controlled through EEG signals [197]. Similar principles can also be used on the muscles 

directly by using EMG signals [73]. For HRI at a higher level, the use of goal oriented interactive 

games makes the rehabilitation sessions more fun and improves the quality of the RoM exercises 

[29, 198, 199]. In terms of non-game interactive environments, the ARMin upper limb 

rehabilitation robot provides the user with a visual feedback on the functional training movements 

without allowing the user to define their own trajectory [29]. Mirror imaging motion on the other 

hand allows patients to use their unaffected limb to control the paretic limb [200], although a 

separate device is needed to record the motion of the unimpaired limb. 

In this research, an alternative method of HRI is developed. With the advent and immense 

popularity of smart devices, several existing issues of HRI in rehabilitation robots can be tackled. 

Firstly, these smart devices are low cost compared to developing dedicated hardware specifically 

for HRI. Multiple form factors are also available for selection depending on the requirements, 

from smartphones to tablets to smartwatches. Secondly, while being low cost, these smart devices 

have a plethora of sensors which the system designer can utilise. Most of these devices have 

integrated accelerometers, gyroscopes, GPS, proximity sensors as standard, which can all be used 

for HRI purposes. Lastly, as smart devices are becoming increasingly prevalent even in developing 
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countries, they offer unparalleled user familiarity, which reduces training costs. They can even 

eliminate additional hardware costs as users can use their own device for HRI simply by 

downloading an app from the internet. 

A Google Android app has been developed to enable the control of the ankle rehabilitation 

robot using smart devices. Android is the ideal platform to be developed on due to its open source 

nature, the popularity of the devices, and the fact that it is free to develop on this platform. The 

development and testing physical device used was a Google Nexus 5 smartphone, and the app has 

a target version of Android 5.0 (Lollipop), with a minimum version requirement of Android 4.4 

(KitKat). The Bluetooth serial protocol is used for data communication between the host PC and 

the smartphone, which allows the device to be controlled wirelessly. 

The developed app can be seen in Figure 6.6, where the “connect to” icon at the top right of 

the first screen can be tapped to allow the host PC’s Bluetooth device to be selected. The 

rehabilitation session can start immediately after by tapping the now enabled “start” button on the 

first screen. As the parallel ankle robot platform possesses three degrees-of-freedom, the built-in 

accelerometers and compass combination of the smartphone is used to capture a 3 DoF motion. 

This motion is then transferred wirelessly to the host PC and can be mimicked by the ankle 

platform in real-time, as shown in Figure 6.7. The captured roll-pitch-yaw information is also 

shown on the smartphone as a feedback to the user. The sensor data are processed using a low-

pass filter to limit the maximum rate of rotation on the smartphone as it is very easy to exceed the 

capability of the rehabilitation platform when rotating such a small device. Digital limits shown in 

Table 6.2 are also placed on the signals in order to not exceed the available workspace of the 

rehabilitation device. The orientation in the roll-pitch-yaw convention is converted to XYZ Euler 

format on the host PC, and can then be used by the control system. 

Table 6.2: Digital limits set for the maximum rotation angles on the smart device 

Direction Limits 

Roll (accelerometer X) -45° to 55° 

Pitch (accelerometer Y) -30° to 30° 

Yaw (compass) -75° to 75° 
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Figure 6.6: Google Android app for wireless user interaction of the ankle rehabilitation 

robot. 

 
Figure 6.7: Real-time wireless control of the parallel ankle rehabilitation robot using a 

smart device. 

The use of smart devices for 3 DoF robot control allows the patient to intuitively manipulate 

the reference trajectory. The possibility of using the patient’s own device also has the potential to 

improve patient confidence due to the users being already familiar with their own devices. Apart 

from real-time control, the trajectory generated can also be recorded for future use. Some form of 

task based training trajectories or repeated rehabilitation trajectories can be recorded and 
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practised over time. A 65 second trajectory generated by the smartphone was recorded and is 

shown in Figure 6.8. 

 
Figure 6.8: Captured smart device trajectory output. 

Wireless trajectory control in 3 DoF was successfully demonstrated on a human participant 

(University of Auckland Human Participants Ethics Committee reference number 9055), with the 

result shown in Figure 6.9. 

 
Figure 6.9: Wireless control of robot reference trajectory in 3 DoF with human 

participant. 

By utilising smart devices, a higher level of HRI can be easily achieved based on this 

established platform. The app can be extended to advanced interactive rehabilitation by 

developing an objective based smartphone game. Further patient-device interaction can also be 

realised by communicating information back from the platform as a real-time performance 
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feedback to tell the user how well they are performing for the current session. By integrating smart 

devices into the field of robotic rehabilitation, the possibilities for an improved user experience are 

literally endless. 

6.6. Chapter Summary 

In this chapter, an existing redundantly actuated parallel ankle rehabilitation robot is 

introduced. The existing robot has several concerns which can result in performance and 

reliability issues, as well as diminished user experience. Improvements have been made to address 

these issues and to update the robot platform. An embedded data acquisition and communication 

solution has been developed to reduce system bulk, eliminate excessive wiring, and has the 

potential to reduce unnecessary training by the system user. A new inclinometer was selected to 

improve the control system operating frequency. A smart device solution has also been developed 

to allow for wireless real-time user control of the rehabilitation trajectory, which can immensely 

improve the user experience. The solution developed can also be used to pre-record reference 

trajectories for use in repeated rehabilitation sessions. 
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Chapter 7 

 

Multiple Degrees-of-Freedom IFT on 

Parallel Ankle Rehabilitation Robot 

7.1. Introduction 

In this chapter, a multiple degrees-of-freedom iterative feedback tuning scheme is proposed 

and tested on the improved parallel ankle rehabilitation robot as presented in Chapter 6. As the 

ankle rehabilitation robot has multiple actuators to be controlled, the implementation of multiple 

instances of the IFT technique can be explored, and as all actuators are connected to the end 

effector, the effect of any interactions amongst instances can also be studied. In addition, the 

redundantly actuated nature of the platform also makes system analysis more difficult. The ankle 

rehabilitation robot has fundamental differences compared to the HuREx knee orthosis explored 

in Chapter 5, in its 3 DoF configuration, different actuation method, and platform based nature, 

and thus presenting an interesting case for the application of ILC. 

While the case of simultaneous tuning using IFT has been presented previously, it was a case 

of offline tuning implementation on linearised and simplified plants in simulation [113]. And 

therefore the result in that study is not applicable for the control of rehabilitation robot explored 
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here. In the following sections, the IFT technique with a normalised design criterion proposed in 

Chapter 4 is applied using various configurations and permutations on the ankle rehabilitation 

robot. Tests were first performed using the substitute lower limb bracket assembly, and then 

human participants were recruited to validate and test the effectiveness of the multiple DoF IFT in 

different situations. 

7.1.1. Base control system structure and manual tuning 

While the ankle rehabilitation platform has both force and position sensing capabilities for 

each of its four actuators, only end effector orientation control is explored in this research. The 

base control structure is presented in Figure 7.1, where inverse kinematics is used to obtain the 

joint space trajectories 𝑙𝑖𝑖 for each actuator. These actuators are then controlled individually using 

a proportional-derivative controller. In the base control structure, the same set of controller 

parameters of 𝜌𝜌 = [𝐾𝑃 𝐾𝐷]𝑇 was applied to all four controllers, and the control loop frequency 

was set to 100Hz. The motor drivers are operated in 24V current mode which converts the control 

signal voltage 𝑉𝑖𝑖 into motor current. 

 
Figure 7.1: Base position control system structure for the parallel ankle rehabilitation 

robot with 4 identical PD controllers. 

The trajectory used in this chapter for testing using the substitute lower limb was a sinusoidal 

waveform about the X Euler axis with an amplitude of 30 degrees and a period of 20 seconds. The 

rationale behind the use of rotation about a single axis only is that all four actuators will need to be 

utilised no matter what the trajectory is, due to inverse kinematics. Furthermore, this waveform 

ensures that all four actuators have a smooth and cyclical trajectory after the inverse kinematics 

block, which improves the performance of the IFT algorithm when it is implemented on the 

control system. 
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First, manual tuning was performed on the robot to establish a baseline performance level. 

The vector of the controller parameter values was set at 𝜌𝜌 = [10.0 1.0 × 10−4]𝑇. As there is 

some noise present in the sensor readings, a zero-phase digital low-pass filter was used on all 

analog signals to allow for better analysis. The result is shown in Figure 7.2, where a positive angle 

in the X Euler axis denotes the plantar flexion direction. It can be seen that in general the robot 

tracked the desired trajectory adequately with room for improvement. The maximum error for the 

X Euler angle is less than 5 degrees. It is also observed that the control of the Z Euler axis is poor. 

This is mainly due to the kinematic design of the robot where all the actuators point mostly in the 

vertical direction, which makes the condition number larger for the Z Euler orientation. This 

means that a minor error in the actuator control translates to a large error about the Z Euler axis. 

 
Figure 7.2: Baseline manual tuning result with simulated ankle and leg. (a) Desired and 

measured end effector orientation. (b) Errors in XYZ Euler angles. 

7.2. A Multi-DoF IFT for End Effector Orientation Control 

In [24], the authors stated that there should be no one size fits all rehabilitation strategy. 

Instead each patient should receive a tailored treatment programme based on their abilities. This 
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gives rise to the implementation of some form of iterative learning control in order to adapt to 

different patients based on their capabilities and rehabilitation strategies. In this section, IFT with 

normalised design criterion proposed in (4.6) on Page 64 is used to tune the robot for position 

control performance in joint space. A PD form of the IFT algorithm was directly applied to 

individual controllers in the control system. The starting value for the PD controller parameter 

vector for all tests was set to be 𝜌𝜌 = [6.0 1.0 × 10−5]𝑇, which gave an overdamped response. 

Twenty iterations of online optimisation were performed for each test, with the results taken 

directly from the tuning process. 

Three normalised weighting factor 𝜆𝑛 were trialled. When 𝜆𝑛 = 1 × 10−3, the results were 

acceptable, but a slightly larger tracking error was present as the algorithm favoured the control 

signal part of the design criterion 𝐽𝐽(𝜌𝜌). When 𝜆𝑛 = 1 × 10−5, there were excessive oscillations 

due to the algorithm favouring the error part of 𝐽𝐽(𝜌𝜌). Thus, the value of 𝜆𝑛 = 1 × 10−4 was 

chosen as a good balance, which is also the lower limit of the recommended range from Chapter 4. 

7.2.1. Single IFT implementation 

In the first test, the PD controller for actuator 1 was tuned using the Gauss-Newton IFT 

algorithm. The control system structure for this test is shown in Figure 7.3. The resultant 

controller parameters from the tuning process were then shared to the other three controllers after 

each iteration so they are also updated in an online fashion. By relying on only a single actuator, 

the performance can be examined when there are no undesired interaction effects from multiple 

instances of the algorithm operating on the same system. The other aspects of the control system 

and test setup are unchanged from the previous test. It can be seen from Figure 7.4 that the IFT 

algorithm is able to optimise the control of the ankle rehabilitation robot, as the performance in 

the X Euler angle direction improves after each iteration. It can also be seen that while the 

performance about the Y Euler axis has not improved by much, the Z Euler angle regulation is 

much better after tuning, where the error decreases to around 5 degrees. 
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Figure 7.3: Position control system structure for the parallel ankle rehabilitation robot 

tuned using the IFT algorithm on a single actuator. 

 
Figure 7.4: Profile of IFT position tuning on a single actuator. 

It can be seen that there is a significant improvement in the trajectory tracking response 

when comparing the before tuning and end of tuning results in Figure 7.5(a) and Figure 7.5(b) 

137 



 
 
Multiple Degrees-of-Freedom IFT on Parallel Ankle Rehabilitation Robot

 
 
respectively. The errors for all three Euler angle axes are less than 6 degrees, with the maximum 

error occurring when the end effector changes direction. The profile of how the value of the 

normalised design criterion decreases is shown in Figure 7.5(d), where there is a steady decrease in 

the value of 𝐽𝐽(𝜌𝜌), which levels off just below 0.02. Some small increase in 𝐽𝐽(𝜌𝜌) can also be seen, 

and is due to the inherent friction of the robot. These occasional small increases are completely 

normal for tests performed on real systems. Figure 7.6 further validates that the successful 

implementation of the IFT algorithm on the robot, where the tracking error component rapidly 

decreases and the amount of control action slowly increases until a balance is reached towards the 

end of the tuning process. 

 
Figure 7.5: Single actuator IFT position tuning test. (a) End effector orientation before 

tuning. (b) End effector orientation at iteration 20. (c) End effector error at iteration 20. 
(d) Design criterion profile. 

138 



 
 

Multiple Degrees-of-Freedom IFT on Parallel Ankle Rehabilitation Robot

 
 

 
Figure 7.6: Design criterion profile showing the contribution from each term. 

7.2.2. Dual IFT implementation 

The IFT algorithm is then extended to actuator 2 in a dual actuator tuning setup. The robot is 

symmetrical about the Y axis direction (i.e. left-right symmetrical), which means that if all 

conditions are equal, each left-right pair of actuators should have the same set of controller 

parameters. The test result is shown in Figure 7.7, where it can be seen that the performance after 

tuning is very similar to the previous setup. The maximum error is again around 6 degrees which 

is in the X Euler angle direction. The 𝐽𝐽(𝜌𝜌) value profiles also appear to be smoother, though the 

final stopping values appear to be the similar to the previous test result. Additionally, there does 

not seem to be significant undesired interactions between the two IFT instances, as both have a 

downhill gradient. 
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Figure 7.7: Dual actuator IFT position tuning test. (a) End effector orientation before 

tuning. (b) End effector orientation at iteration 20. (c) End effector error at iteration 20. 
(d) Design criterion profile. 

7.2.3. Quad IFT implementation 

The final test in this section extends the IFT algorithm to all four controllers, with the result 

shown in Figure 7.8. It can be seen that the trajectory tracking performance is slightly worse than 

the previous tests with a higher error in the X Euler angle axis. This is due to actuator 4 suffering 

from poor performance, which can be seen in Figure 7.8(d). The initial 𝐽𝐽(𝜌𝜌) values for actuator 4 

is much higher than the rest, but improved significantly towards the end of the tuning process. 

The explanation is most likely again friction and misalignment in the system. 
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Figure 7.8: Quad IFT position tuning test. (a) End effector orientation before tuning. (b) 
End effector orientation at iteration 20. (c) End effector error at iteration 20. (d) Design 

criterion profile. 

7.3. Inverse Dynamics Analysis 

As noted in previous chapters, the IFT algorithm is more effective when the system is of a 

linear nature. The robot being studied in this chapter though are nonlinear due to its parallel 

structure and redundant kinematic design. Additionally, the use of brushed DC motor powered 

linear actuators also introduces nonlinearities into the system. Therefore, it is advantageous to try 

to help the system being controlled to become more linear. In [196], the author argued that as the 

reference trajectory is slow, gravitational compensation is used for the control of the ankle 

rehabilitation platform. However, other dynamic effects apart from gravity also need to be 

considered, as the robot’s trajectory may not be smooth at all times. To do this, the full inverse 

dynamics linking the motion of the end effector to the actuating forces of the system must be 

understood. While the inverse kinematic analysis can be easily performed, the inverse dynamics 

analysis is more difficult, and there are multiple methods available. 
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The Newton-Euler approach to solving the inverse dynamics problem in parallel manipulator 

is well known and has been broadly adopted [201]. Free body diagrams are drawn and the 

Newton’s law for linear motion and Euler’s equation for angular motion are used directly. While 

approach has the advantage of being computationally efficient, the process is rather tedious since 

it involves calculating all the internal reaction forces. Principles of virtual work is another 

approach that can be used for inverse dynamics analysis [202, 203]. By considering the system to 

be in static equilibrium, the input force or torque can be derived. Screw theory is yet another 

approach, which is a simplification and standardisation of principles of virtual work [204]. Lastly, 

Lagrange’s method can also be used to solve inverse dynamics problems, where the kinetic and 

potential energies of the system are considered in a Lagrange’s function [205]. The advantage of 

this approach is that no internal forces need to be considered, making the analysis simpler. 

Additionally, the system can be broken down into several subsystems, which means that it is easier 

to simplify the model by dropping unneeded terms. For this research, Lagrange’s method is used 

to solve the inverse dynamics problem of the parallel ankle rehabilitation robot. 

7.3.1. Robot kinematic and dynamic parameters 

With the Lagrange’s approach, the robot can be broken down into three separate sub-

assemblies. The end effector assembly including the foot, is denoted by subscript 𝑒𝑓; the actuator 

base assembly including the motor, gearbox and part of the universal joint is denoted by subscript 

𝑎𝑏; and the actuator rod assembly including the load cell and part of the revolute joint is denoted 

by subscript 𝑎𝑟. Subscript 𝑖𝑖 denotes the active link number from 1 to 4. The system is assumed to 

be made of rigid bodies, and friction is not considered in the dynamic model. The sub-assemblies 

are assumed to be homogenous and the dynamic parameters are obtained from computer-aided 

design (CAD) models. The kinematic and dynamic parameters used for the analysis can be found 

in Table 7.1 and Table 3.2 respectively. See Figure 6.5 for the actual location of each kinematic 

parameter. 
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Table 7.1: Kinematic parameters used for the analysis of the ankle rehabilitation robot 

Parameter Value  Parameter Value 

𝑟1 0.2m  𝜃2 -30° 

𝛼1 0.9  𝜃3 30° 

𝛼2 0.4  𝑂𝐴�����⃗  [0 0 0.36]𝑇 

𝛼3 0.45  𝐴𝐶�����⃗  [0 0 0.09]𝑇 

𝜃0 -45°  𝑄𝑃�����⃗  [0 0 0.05]𝑇 

𝜃1 45°    

     

Table 7.2: Dynamic parameters obtained from CAD for the analysis of the ankle rehabilitation robot 

Parameter Value 

𝑚𝑒𝑓  
1.75kg for substitute lower limb bracket 

5.0kg for human participant 

𝑚𝑎𝑏 2.77kg 

𝑚𝑎𝑟 0.44kg 

𝐼𝑒𝑓𝐴  �
7.78 × 10−6 −3.13 × 10−11 1.81 × 10−10
−3.13 × 10−11 7.37 × 10−6 −1.26 × 10−6
1.81 × 10−10 −1.26 × 10−6 6.42 × 10−6

� × 𝑚𝑒𝑓  

𝐼𝑎𝑏,𝑖𝑖
𝐵𝑖𝑖′  �

0.0120 0 −0.0015
0 0.0130 −2.30 × 10−9

−0.015 −2.30 × 10−9 0.0012
� 

𝐼𝑎𝑟,𝑖𝑖,𝐶𝑜𝐺
𝐵𝑖𝑖′  �

5.20 × 10−4 0 0
0 5.19 × 10−4 0
0 0 1.17 × 10−5

� 

𝐶𝑜𝐺��������⃗ 𝑒𝑓𝐴  [0 0.0210 0.0786]𝑇  

𝐶𝑜𝐺��������⃗ 𝑎𝑏,𝑖𝑖
𝐵𝑖𝑖′  [0.0210 0 0.0986]𝑇  

𝐶𝑜𝐺��������⃗ 𝑎𝑟,𝑖𝑖
𝑄𝑖𝑖  [0 0 −0.0933]𝑇 

𝑙𝑎𝑏  0.207m 

  

7.3.2. Kinetic energy analysis 

7.3.2.1. Rotation of the end effector assembly 

The angular velocity of the end effector in terms of the base coordinate system located at 

point 𝑂 can be calculated using (7.1), where 𝑅𝑅𝐴𝑂 = 𝑅𝑅𝑥𝑅𝑅𝑦𝑦𝑅𝑅𝑧. 
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𝜔��⃗ 𝑒𝑓𝑂 = 𝑅𝑅𝑥 �
�̇�𝑥
0
0
� + 𝑅𝑅𝑥𝑅𝑅𝑦𝑦 �

0
�̇�𝑦𝑦
0
� + 𝑅𝑅𝑒𝑓𝐴

𝑂 �
0
0
�̇�𝑧
� (7.1) 

The Inertia tensor with respect to the fixed coordinate system can be written as: 

𝐼𝑒𝑓𝑂 = 𝑅𝑅𝐴𝑂 ∙ 𝐼𝑒𝑓𝐴 ∙ 𝑅𝑅𝐴𝑂 𝑇 (7.2) 

Using (7.1) and (7.2), the kinetic energy contribution from the rotating end effector assembly 

can be calculated: 

𝐾𝑒𝑓 =
1
2 𝜔��⃗ 𝑒𝑓𝑂 𝑇 ∙ 𝐼𝑒𝑓𝑂 ∙ 𝜔��⃗ 𝑒𝑓𝑂  (7.3) 

7.3.2.2. Rotation of the actuator base assembly 

For each actuator base assembly, the rotational matrix 𝑅𝑅𝑂
𝐵𝑖𝑖  is used to translate the vector of 

link 𝐿𝑖𝑖 from the fixed base coordinate system located at 𝑂 to the fixed universal joint coordinate 

system located at 𝐵𝑖𝑖, and the relationships between these coordinate systems are shown in Figure 

7.9. Then, the rotational matrix to translate the rotating universal joint coordinate system to the 

fixed universal joint coordinate system can be written using (7.4): 

𝑅𝑅𝐵𝑖𝑖′
𝐵𝑖𝑖 = 𝑅𝑅𝛼𝑖𝑖𝐵𝑖𝑖′

𝐵𝑖𝑖 ∙ 𝑅𝑅𝛽𝑖𝑖𝐵𝑖𝑖′
𝐵𝑖𝑖  (7.4) 

where 𝐵𝑖𝑖′ represents the rotating axis at point 𝐵𝑖𝑖, and the joint angles 𝛼𝑖𝑖 and 𝛽𝑖𝑖 can be calculated 

from (7.5) and (7.6) respectively. Note that the angles of the universal joint cannot be used directly 

as they are different to 𝛼𝑖𝑖 and 𝛽𝑖𝑖 presented here. 

𝛼𝑖𝑖 =
𝜋
2 − arctan�

� 𝑅𝑅𝑂
𝐵𝑖𝑖 𝐿�⃗ 𝑖𝑖𝑂 �

𝑦𝑦

� 𝑅𝑅𝑂
𝐵𝑖𝑖 𝐿�⃗ 𝑖𝑖𝑂 �

𝑧

� (7.5) 
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𝛽𝑖𝑖 =
𝜋
2 − arctan�

� 𝑅𝑅𝑂
𝐵𝑖𝑖 𝐿�⃗ 𝑖𝑖𝑂 �

𝑥

� 𝑅𝑅𝑂
𝐵𝑖𝑖 𝐿�⃗ 𝑖𝑖𝑂 �

𝑧

� (7.6) 

 
Figure 7.9: Orientation of each universal joint coordinate system located at 𝑩𝒊. 

The Inertia tensor with respect to the coordinate system located at the universal joint for each 

actuator base assembly is: 

𝐼𝑎𝑏,𝑖𝑖
𝐵𝑖𝑖 = 𝑅𝑅𝐵𝑖𝑖′

𝐵𝑖𝑖 ∙ 𝐼𝑎𝑏,𝑖𝑖
𝐵𝑖𝑖′ ∙ 𝑅𝑅𝐵𝑖𝑖′

𝐵𝑖𝑖  (7.7) 

The angular velocity 𝜔𝑖𝑖 of link 𝑖𝑖 with respect to the fixed coordinate system at point 𝐵𝑖𝑖 can 

be calculated as follow: 

𝜔��⃗ 𝑖𝑖
𝐵𝑖𝑖 =

� 𝑅𝑅𝑂
𝐵𝑖𝑖 𝐿�⃗ 𝑖𝑖𝑂 � × 𝑉�⃗𝑄𝑖𝑖

𝐵𝑖𝑖

� 𝐿�⃗ 𝑖𝑖𝑂 �
2  (7.8) 

where the linear velocity of point 𝑄𝑖𝑖 with respect to the fixed coordinate system at point 𝐵𝑖𝑖 is 

calculated using (7.9): 

𝑉�⃗𝑄𝑖𝑖
𝐵𝑖𝑖 = 𝑅𝑅𝑂

𝐵𝑖𝑖 � 𝜔��⃗ 𝑒𝑓𝑂 × 𝑅𝑅𝐴𝑂 ∙ 𝐴𝑄𝚤�������⃗𝐴 � (7.9) 

Finally, the kinetic energy contribution of the 𝑖𝑖th actuator base assembly can be obtained: 
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𝐾𝑎𝑏,𝑖𝑖 =
1
2 𝜔��⃗ 𝑖𝑖
𝐵𝑖𝑖 𝑇

∙ 𝐼𝑎𝑏,𝑖𝑖
𝐵𝑖𝑖 ∙ 𝜔��⃗ 𝑖𝑖

𝐵𝑖𝑖 (𝑖𝑖 = 1, … ,4) (7.10) 

7.3.2.3. Rotation of the actuator rod assembly 

The kinetic energy contributed by the rotation of the actuator rod assembly for the 𝑖𝑖th link is 

calculated with respect to the fixed coordinate system at 𝐵𝑖𝑖. The difficulty here is that the inertia 

tensor is not only changing based on the rotation, but also the translation, as the rod assembly 

extends and retracts in and out of the actuator base assembly. Firstly, the location of the centre of 

gravity for the actuator rod assembly with respect to coordinate system 𝐵𝑖𝑖 needs to be determined: 

𝐶𝑜𝐺��������⃗ 𝑎𝑟,𝑖𝑖
𝐵𝑖𝑖 = 𝑅𝑅𝑂

𝐵𝑖𝑖 � 𝐿�⃗ 𝑖𝑖𝑂 � 𝐿�⃗ 𝑖𝑖𝑂 � − � 𝐶𝑜𝐺��������⃗ 𝑎𝑟,𝑖𝑖
𝑄𝑖𝑖 �

� 𝐿�⃗ 𝑖𝑖𝑂 �
� (7.11) 

The inertia tensor of the actuator rod assembly also needs to be translated to the fixed 

coordinate system at 𝐵𝑖𝑖: 

𝐼𝑎𝑟,𝑖𝑖,𝐶𝑜𝐺
𝐵𝑖𝑖 = 𝑅𝑅𝐵𝑖𝑖′

𝐵𝑖𝑖 ∙ 𝐼𝑎𝑟,𝑖𝑖,𝐶𝑜𝐺
𝐵𝑖𝑖′ ∙ 𝑅𝑅𝐵𝑖𝑖′

𝐵𝑖𝑖  (7.12) 

By using the parallel axis theorem, as well as (7.11) and (7.12), the correct inertia tensor 

measured from the centre of rotation with respect to the fixed coordinate system at 𝐵𝑖𝑖 can then be 

found: 

𝐼𝑎𝑟,𝑖𝑖
𝐵𝑖𝑖 = 𝐼𝑎𝑟,𝑖𝑖,𝐶𝑜𝐺

𝐵𝑖𝑖 + 𝑚𝑎𝑟 �� 𝐶𝑜𝐺��������⃗ 𝑎𝑟,𝑖𝑖
𝐵𝑖𝑖 �

2
𝐸3 − 𝐶𝑜𝐺��������⃗ 𝑎𝑟,𝑖𝑖

𝐵𝑖𝑖 ∙ 𝐶𝑜𝐺��������⃗ 𝑎𝑟,𝑖𝑖
𝐵𝑖𝑖 𝑇

� (7.13) 

where 𝐸3 is the 3 × 3 identity matrix. And finally, the kinetic energy from the rotation of the 𝑖𝑖th 

actuator rod assembly can be calculated using (7.8) and (7.13): 

𝐾𝑎𝑟,𝑖𝑖,𝑟𝑜𝑡 =
1
2 𝜔��⃗ 𝑖𝑖
𝐵𝑖𝑖 𝑇

∙ 𝐼𝑎𝑟,𝑖𝑖
𝐵𝑖𝑖 ∙ 𝜔��⃗ 𝑖𝑖

𝐵𝑖𝑖 (𝑖𝑖 = 1, … ,4) (7.14) 
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7.3.2.4. Translation of the actuator rod assembly 

The kinetic energy contribution from the translation motion of the each actuator rod 

assembly is calculated in (7.15): 

𝐾𝑎𝑟,𝑖𝑖,𝑡𝑟𝑎𝑛𝑠 =
1
2𝑚𝑎𝑟 � 𝐿�⃗ ̇ 𝑖𝑖𝑂 �

2
(𝑖𝑖 = 1, … ,4) (7.15) 

7.3.3. Potential energy analysis 

7.3.3.1. Potential energy of the end effector assembly 

The potential energy 𝑈 for the end effector assembly is calculated in (7.16): 

𝑈𝑒𝑓 = 𝑚𝑒𝑓�⃗�𝑇� 𝑅𝑅𝐴𝑂 ∙ 𝐶𝑜𝐺��������⃗ 𝑒𝑓𝐴 + 𝑂𝐴�����⃗ � (7.16) 

where �⃗� = [0 0 9.807]𝑇, the vector of gravitational constant. Note that as the platform is 

inverted for analysis, the gravitational constant points in the positive Z direction. 

7.3.3.2. Potential energy of the actuator base assembly 

The potential energy 𝑈 for each actuator base assembly is calculated using (7.17): 

𝑈𝑎𝑏,𝑖𝑖 = 𝑚𝑎𝑏�⃗�𝑇 � 𝐿�⃗ 𝑖𝑖𝑂 � 𝐶𝑜𝐺��������⃗ 𝑎𝑏,𝑖𝑖
𝐵𝑖𝑖′ �
� 𝐿�⃗ 𝑖𝑖𝑂 �

� (𝑖𝑖 = 1, … ,4) (7.17) 

7.3.3.3. Potential energy of the actuator rod assembly 

The potential energy 𝑈 for each actuator rod assembly is calculated using (7.18): 

𝑈𝑎𝑟,𝑖𝑖 = 𝑚𝑎𝑏�⃗�𝑇 � 𝐿�⃗ 𝑖𝑖𝑂 � 𝐿�⃗ 𝑖𝑖𝑂 � − � 𝐶𝑜𝐺��������⃗ 𝑎𝑟,𝑖𝑖
𝑄𝑖𝑖 �

� 𝐿�⃗ 𝑖𝑖𝑂 �
� (𝑖𝑖 = 1, … ,4) (7.18) 
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7.3.4. Kinematic constraint equations 

One kinematic constraint equation can be formed for each actuated link. By introducing a 

new point 𝑀𝑖𝑖 located at the end of the actuator base assembly on each link, it can be seen from 

Figure 7.10 that while 𝑀𝑖𝑖 is moving, the length of vector 𝐵𝚤𝑀𝚤��������⃗  is a known constant, which is 

defined as 𝑙𝑎𝑏. A closed loop chain can be formed to represent 𝐵𝚤𝑀𝚤��������⃗  with respect to the base fixed 

coordinate system at 𝑂: 

𝐵𝚤𝑀𝚤��������⃗𝑂 = 𝑂𝐴�����⃗𝑂 + 𝑅𝑅𝐴𝑂 ∙ 𝐴𝑄𝚤�������⃗𝐴 − 𝐿�⃗ 𝑖𝑖𝑂 � 𝐿�⃗ 𝑖𝑖𝑂 � − 𝑙𝑎𝑏
� 𝐿�⃗ 𝑖𝑖𝑂 �

− 𝑂𝐵𝚤�������⃗𝑂  (7.19) 

Thus, the four constrain equations are: 

Γ𝑖𝑖 = � 𝐵𝚤𝑀𝚤��������⃗𝑂 �
2
− 𝑙𝑎𝑏

2 = 0 (𝑖𝑖 = 1, … ,4) (7.20) 

 
Figure 7.10: Platform kinematics showing the newly introduced 𝑴𝒊 location and 𝒍𝒂𝒃 

constant. 

7.3.5. Lagrangian formulation 

The Lagrange’s function for the system is: 

ℒ = 𝐾 − 𝑈 (7.21) 
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By collecting all the kinetic and potential energy elements, the function becomes: 

ℒ = 𝐾𝑒𝑓 + ��𝐾𝑎𝑏,𝑖𝑖 + 𝐾𝑎𝑟,𝑖𝑖,𝑟𝑜𝑡 + 𝐾𝑎𝑟,𝑖𝑖,𝑡𝑟𝑎𝑛𝑠�
4

𝑖𝑖=1

− 𝑈𝑒𝑓 −��𝑈𝑎𝑏,𝑖𝑖 + 𝑈𝑎𝑟,𝑖𝑖�
4

𝑖𝑖=1

 (7.22) 

Seven generalised coordinates are introduced in order to form the Lagrange’s equations of 

the first kind [50]. These are 𝜃𝑥, 𝜃𝑦𝑦, 𝜃𝑧, 𝑙1, 𝑙2, 𝑙3 and 𝑙4, where the first three are the end effector 

orientation Euler angles, and the last four are the lengths of the actuated links. Four Lagrangian 

multipliers 𝜀1  to 𝜀4  are also introduced into the inverse dynamics analysis. The first three 

Lagrange’s equations of the first kind measuring the net torque on the rotational centre of the 

platform can be written as: 

�𝜀𝑖𝑖

4

𝑖𝑖=1

𝜕𝜕Γ𝑖𝑖
𝜕𝜕𝑞𝑗

=
𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑗

� −
𝜕𝜕ℒ
𝜕𝜕𝑞𝑗

− 𝑄�𝑗 (𝑗 = 1,2,3) (7.23) 

where 𝑞𝑗  is the first set of the seven generalised coordinates, i.e. 𝜃𝑥 , 𝜃𝑦𝑦  and 𝜃𝑧 . 

𝑄�𝑗 = [𝜏𝑥 𝜏𝑦𝑦 𝜏𝑧]𝑇, which is a vector of the external torques applied to the robot in the XYZ 

Euler angle convention. Equation (7.23) can also be rewritten in matrix form as: 

⎣
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝜕Γ1
𝜕𝜕𝜃𝑥

⋯
𝜕𝜕Γ4
𝜕𝜕𝜃𝑥

𝜕𝜕Γ1
𝜕𝜕𝜃𝑦𝑦

⋯
𝜕𝜕Γ4
𝜕𝜕𝜃𝑦𝑦

𝜕𝜕Γ1
𝜕𝜕𝜃𝑧

⋯
𝜕𝜕Γ4
𝜕𝜕𝜃𝑧⎦

⎥
⎥
⎥
⎥
⎥
⎤

3×4

�

𝜀1
𝜀2
𝜀3
𝜀4

� =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡ 𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑥

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑥

− 𝜏𝑥

𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑦𝑦

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑦𝑦

− 𝜏𝑦𝑦

𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑧

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑧

− 𝜏𝑧 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 (7.24) 

The last four Lagrange’s equations of the first kind can be written as: 

𝐹𝑗−3 =
𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑗

� −
𝜕𝜕ℒ
𝜕𝜕𝑞𝑗

−�𝜀𝑖𝑖

4

𝑖𝑖=1

𝜕𝜕Γ𝑖𝑖
𝜕𝜕𝑞𝑗

(𝑗 = 4, … ,7) (7.25) 

where 𝑞𝑗 is the second set of the seven generalised coordinates, i.e. 𝑙1, 𝑙2, 𝑙3 and 𝑙4. It can also be 

realised that the derivative of the 𝑖𝑖 th constraint function only depends on the generalised 
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coordinate for the 𝑖𝑖th actuated link, which means that 𝜕𝜕Γ𝑖𝑖
𝜕𝜕𝑙𝑗−3

= 0 when 𝑖𝑖 ≠ 𝑗 − 3. Thus, (7.25) can 

also be rewritten in matrix form as: 

�

𝐹1
𝐹2
𝐹3
𝐹4

� =
𝑑
𝑑𝑡

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝜕ℒ
𝜕𝜕𝑙1̇
𝜕𝜕ℒ
𝜕𝜕𝑙2̇
𝜕𝜕ℒ
𝜕𝜕𝑙3̇
𝜕𝜕ℒ
𝜕𝜕𝑙4̇⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

−

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝜕ℒ
𝜕𝜕𝑙1
𝜕𝜕ℒ
𝜕𝜕𝑙2
𝜕𝜕ℒ
𝜕𝜕𝑙3
𝜕𝜕ℒ
𝜕𝜕𝑙4⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

−
𝜕𝜕Γ
𝜕𝜕𝑙 �

𝜀1
𝜀2
𝜀3
𝜀4

� (7.26) 

where 

𝜕𝜕Γ
𝜕𝜕𝑙 =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝜕Γ1
𝜕𝜕𝑙1

0 0 0

0
𝜕𝜕Γ2
𝜕𝜕𝑙2

0 0

0 0
𝜕𝜕Γ3
𝜕𝜕𝑙3

0

0 0 0
𝜕𝜕Γ4
𝜕𝜕𝑙4⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 (7.27) 

Due to the redundant nature of the robot platform, it can be realised from (7.24) that there 

are only three equations to four multipliers. Therefore, infinite combinations of 𝜀 values exist, 

where unlimited sets of actuator force combinations are available to produce the required motion. 

7.3.6. Solving the Lagrangian multipliers 

For the purpose of this research, both passive and active ankle stiffness of the user is ignored. 

Therefore there is no external torque input into the system at the end effector, and 𝜏𝑥 = 𝜏𝑦𝑦 =

𝜏𝑧 = 0. Two solutions of the Lagrangian multipliers are investigated. The first one being the 

minimum 2-norm of the Lagrangian multipliers 𝜀1 to 𝜀4, which can be obtained by utilising the 

direct pseudo-inverse solution of (7.24). 
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�

𝜀1
𝜀2
𝜀3
𝜀4

� =
𝜕𝜕Γ
𝜕𝜕𝜃

+

∙

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡ 𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑥

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑥

− 𝜏𝑥

𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑦𝑦

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑦𝑦

− 𝜏𝑦𝑦

𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑧

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑧

− 𝜏𝑧 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 (7.28) 

where 

𝜕𝜕Γ
𝜕𝜕𝜃 =

⎣
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝜕Γ1
𝜕𝜕𝜃𝑥

⋯
𝜕𝜕Γ4
𝜕𝜕𝜃𝑥

𝜕𝜕Γ1
𝜕𝜕𝜃𝑦𝑦

⋯
𝜕𝜕Γ4
𝜕𝜕𝜃𝑦𝑦

𝜕𝜕Γ1
𝜕𝜕𝜃𝑧

⋯
𝜕𝜕Γ4
𝜕𝜕𝜃𝑧⎦

⎥
⎥
⎥
⎥
⎥
⎤

3×4

 (7.29) 

 𝜕𝜕Γ
𝜕𝜕𝜃

+
 is the pseudo-inverse matrix of 𝜕𝜕Γ

𝜕𝜕𝜃
, and that is: 

𝜕𝜕Γ
𝜕𝜕𝜃

+

=
𝜕𝜕Γ
𝜕𝜕𝜃

𝑇

�
𝜕𝜕Γ
𝜕𝜕𝜃

𝜕𝜕Γ
𝜕𝜕𝜃

𝑇

�
−1

 (7.30) 

and by substituting (7.28) into (7.26), the actuating forces 𝐹1 to 𝐹4 can be found. 

The second method to solve for the actuator forces is by combining (7.24) and (7.26) to 

eliminate the Lagrangian multipliers. Incidentally, this produces the minimum 2-norm of the 

actuating force vector 𝐹1 to 𝐹4. The set of equations obtained is: 

�

𝐹1
𝐹2
𝐹3
𝐹4

� =
𝑑
𝑑𝑡

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝜕ℒ
𝜕𝜕𝑙1̇
𝜕𝜕ℒ
𝜕𝜕𝑙2̇
𝜕𝜕ℒ
𝜕𝜕𝑙3̇
𝜕𝜕ℒ
𝜕𝜕𝑙4̇⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

−

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝜕𝜕ℒ
𝜕𝜕𝑙1
𝜕𝜕ℒ
𝜕𝜕𝑙2
𝜕𝜕ℒ
𝜕𝜕𝑙3
𝜕𝜕ℒ
𝜕𝜕𝑙4⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

− �
𝜕𝜕Γ
𝜕𝜕𝜃 �

𝜕𝜕Γ
𝜕𝜕𝑙�

−1

�
+

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡ 𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑥

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑥

− 𝜏𝑥

𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑦𝑦

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑦𝑦

− 𝜏𝑦𝑦

𝑑
𝑑𝑡 �

𝜕𝜕ℒ
𝜕𝜕�̇�𝑧

� −
𝜕𝜕ℒ
𝜕𝜕𝜃𝑧

− 𝜏𝑧 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 (7.31) 
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These two solutions of the actuating force vectors were compared, and one was selected to be 

used for the rest of this research. The difference between the two is plotted in Figure 7.11, where a 

sinusoidal reference trajectory is used, and the solution generated by the least actuating force 

method is subtracted from the actuator force generated by the direct pseudo-inverse method. The 

result clearly shows that at all times, the direct pseudo-inverse method is worse or equal to the 

least actuating forces method. This means that the least actuating force method is more efficient, 

and creates less internal forces. Thus, the least actuating force method is used to generate all future 

solutions. 

 
Figure 7.11: Differences in actuator forces generated by the least actuating force 

solution and the direct pseudo-inverse solution for dynamics analysis. 

7.3.7. Dynamic model complexity 

While the full inverse dynamics solution provides a highly accurate model, the computation 

efficiency is very low. It took 13 hours to arrive at the solution on a modern consumer computer. 

Some simplifications were sought to reduce the computation time while preserving the accuracy 

of the model. The dynamic model can be simplified by removing the kinetic energy contribution 

from the rotation of the actuating links in the Lagrange’s function formulation from (7.22), as the 

angular velocities of these links are small compared to the motion of the end effector. This 

reduction in complexity results in the solution being reached in just 25 seconds. The Lagrangian 

function is now: 

152 



 
 

Multiple Degrees-of-Freedom IFT on Parallel Ankle Rehabilitation Robot

 
 

ℒ = 𝐾𝑒𝑓 + ��𝐾𝑎𝑟,𝑖𝑖,𝑡𝑟𝑎𝑛𝑠�
4

𝑖𝑖=1

− 𝑈𝑒𝑓 −��𝑈𝑎𝑏,𝑖𝑖 + 𝑈𝑎𝑟,𝑖𝑖�
4

𝑖𝑖=1

 (7.32) 

Furthermore, in order to test the limit of the simplification process, only the motion of the 

end effector is considered. In this case the time saving is only minor with 16 seconds of 

computation time needed to reach the solution. The Lagrangian function is now: 

ℒ = 𝐾𝑒𝑓 − 𝑈𝑒𝑓 (7.33) 

Both simplified models are compared against the full dynamic model to analyse the relative 

differences. This time the pre-recorded reference trajectory from a smartphone previously shown 

in Chapter 6 (Figure 6.8) is used, as it is more similar to actual movements during the 

rehabilitation process. The comparison using the simplified Lagrange’s function from (3.21) is 

shown in Figure 7.12(a), and the comparison using the end effector only analysis from (7.33) is 

shown in Figure 7.12(b). It is evident that the departure from the full model is significantly greater 

for the case of the end effector only simplification. The magnitude of the actuating force 

differences is significantly higher, and there is a bias towards a positive difference indicating that 

significant system dynamics have been missed. On the other hand the minor oscillations about 

zero in Figure 7.12(a) signify that all major system dynamics are still being accounted for. 

Therefore, the simplified inverse dynamics solution that only ignores the rotation of the actuating 

links is selected. The full plot of the actuating forces generated using this simplified solution is 

presented in Figure 7.13. 
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Figure 7.12: Inverse dynamics analysis complexity comparison. (a) Actuator force 

differences between the full and the reduced versions. (b) Actuator force differences 
between the full and the end effector only analysis. 

 
Figure 7.13: Inverse dynamics analysis of actuating forces using a pre-recorded 

reference trajectory. 

7.4. Multi-DoF IFT with Dynamic Compensation 

The simplified model derived in the previous section can be applied to the control system as a 

feedforward dynamic compensation element, similar to the control system arrangement proposed 
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previously in [206]. The Laplase transfer function of the controller in terms of voltage to the 

motor driver for the 𝑖𝑖th actuator can be written as: 

𝑉𝑖𝑖(𝑠) = 𝐾𝑃 + 𝐾𝐷𝑠 + Ψi�𝜃, �̇��𝑀� (7.34) 

where Ψ𝑖𝑖 is the inverse dynamics result, and 𝑀�  is the actuator force to motor current to control 

action voltage model. The controller parameter vector 𝜌𝜌 = [𝐾𝑃 𝐾𝐷]𝑇 is again tuned using single 

and multi-DoF IFT schemes. 

7.4.1. Single IFT implementation 

First, the single actuator IFT tuning scenario with feedforward dynamic compensation is 

tested. The resultant control system scheme is shown in Figure 7.14. The test setup is kept the 

same as previous tests and the result is shown in Figure 7.15. From Figure 7.15(b) it is evident that 

the turning point at negative X Euler angle is more rounded than the no dynamic compensation 

test. The measured error amplitude is similar between the two tests, at around 6 degrees. It is also 

worth to note that in Figure 7.15(d), the initial 𝐽𝐽(𝜌𝜌) value is smaller than the no compensation test, 

which is indicative of the positive effect from compensation. A spike in the design criterion value 

can also be seen for iteration 11, which is most likely an isolated event due to the static friction of 

the system, and it did not seem to affect the overall optimisation efficacy of the IFT algorithm. 

This again proves that the IFT algorithm possesses excellent robustness. 

 
Figure 7.14: Control system structure of IFT tuning on a single actuator with 

feedforward inverse dynamics compensation. 
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Figure 7.15: Single actuator IFT position tuning test with dynamic compensation. (a) 
End effector orientation before tuning. (b) End effector orientation at iteration 20. (c) 

End effector error at iteration 20. (d) Design criterion profile. 

7.4.2. Dual IFT implementation 

In this test, dynamic compensation is extended to the dual actuator implementation. The test 

result is shown in Figure 7.16. In this case, the improvement from tuning appears to be small. 

Although the 𝐽𝐽(𝜌𝜌) values for both actuators seen in Figure 7.16(d) started off at the lowest values 

observed so far, actuator 1 failed to converge to below 0.02, and the gradient for both profiles are 

shallower than in previous tests. The error plot in Figure 7.16(c) also shows that both X Euler 

angle and Z Euler angle regulations are poorer than previous instances. 
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Figure 7.16: Dual actuator IFT position tuning test with dynamic compensation. (a) End 

effector orientation before tuning. (b) End effector orientation at iteration 20. (c) End 
effector error at iteration 20. (d) Design criterion profile. 

7.4.3. Quad IFT implementation 

Finally, quad IFT tuning with dynamic compensation is tested, and the control system 

scheme is illustrated in Figure 7.17. The tuning result can be seen by comparing the before and 

end of tuning plots in Figure 7.18(a) and Figure 7.18(b) respectively. It is evident that the starting 

waveform is already an improvement from the starting waveform in the no compensation 

scenario, and this is also indicated by the generally very low initial 𝐽𝐽(𝜌𝜌) values in Figure 7.18(d). 

By the end of tuning, the performance improved significantly, which can be seen from general 

shape as well as the maximum and the minimum amplitudes reached by the end effector in the X 

Euler angle axis. The Z Euler axis is also very well controlled, with error well below 5 degrees as 

seen in Figure 7.18(c). One thing to note is that actuator 4 once again produced a much higher 

initial 𝐽𝐽(𝜌𝜌) values at more than three times the values of the other three 𝐽𝐽(𝜌𝜌) values. At the final 

iteration, actuator 4 control has been effectively optimised, resulting in 𝐽𝐽(𝜌𝜌) values of the same 

range. 
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Figure 7.17: Control system structure of IFT tuning on 4 actuators with feedforward 

inverse dynamics compensation. 

 
Figure 7.18: Quad IFT position tuning test with dynamic compensation. (a) End effector 

orientation before tuning. (b) End effector orientation at iteration 20. (c) End effector 
error at iteration 20. (d) Design criterion profile. 

7.5. Tuning Tests with Human Participants 

In order to explore the adaptability of the IFT algorithm on different users and different 

rehabilitation strategies, as well as to further validate the multi-DoF IFT, tests were performed on 
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healthy human participants. This trial has been approved by the University of Auckland Human 

Participants Ethics Committee (reference number 9055). Five participants aged between 20 and 30 

of various gender, height and weight were recruited, who all possessed normal ranges of motion 

for the ankles tested. The quad IFT implementation was chosen as it provides similar performance 

when no compensation is applied to the system, and it offers the best performance out of the three 

setups when feedforward dynamic compensation is used. Each participant was first asked to adjust 

the seating to the correct height so that the knee joint is at approximately 90 degrees when the foot 

is on the platform. A shank brace was worn on the leg being tested, which was then clipped onto 

the robot. Finally, the participant’s foot was strapped to the end effector tightly, as shown in 

Figure 7.19. The duration of the test session for each participant was approximately one hour, 

with a rest period offered between each test. To account for the range of motion of the human 

ankle, the X Euler angle reference trajectory was adjusted from a symmetrical sinusoidal 

waveform to an offset waveform. A five degree offset was added in the plantar flexion direction, 

and the amplitude was reduced to 25 degrees. The Y and Z Euler angles reference trajectories 

remained at zero. The tuning duration in most tests were set to a maximum of 10 iterations (11 

minutes) to limit the discomfort to the participant. Apart from the differences described above, 

the rest of the test setup remained the identical as the substitute lower limb tests. 

 
Figure 7.19: Human participant testing on the ankle rehabilitation robot. 

While the results and analyses presented in the following sections are based on the results 

from all five participants, only selected illustrations from individual participants are included. 
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Summary illustrations are also provided where possible in order to convey overviews covering the 

results from all participants. Profiles and full test results for all participants can be found in 

Appendix D. 

7.5.1. Quad IFT implementation without dynamic compensation 

In this test, each participant was asked to remain passive (i.e. no muscle activations) in order 

to minimise the external torque applied to the robot. The result of the test without the use of 

feedforward dynamic compensation is shown in Figure 7.20 for participant 1. It can be seen that 

there is a clear improvement from the before tuning performance to the end of tuning 

performance in Figure 7.20(a) and Figure 7.20(b) respectively. This is also reflected in the 𝐽𝐽(𝜌𝜌) 

value progression in Figure 7.20(d), with all actuators improving significantly for the first 5 

iterations before settling down to close to optimal states. The result for participant 1 can be 

considered to be a fair representation of all participants, as Figure 7.21(a) shows very similar 

reductions in the X Euler angle errors comparatively throughout the tuning process. In Figure 

7.21(b) it can be seen that the starting errors for participants 2 to 5 are significantly higher in the 

plantar flexion direction than participant 1, which is due to the different passive ankle stiffness. 

Even though the starting performances are different for each participant, X Euler angle errors at 

the end of tuning are very similar in shape and magnitude. This indicates that the IFT algorithm 

with normalised criterion is robust and can accommodate for different user capabilities. 
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Figure 7.20: Tuning test without dynamic compensation for participant 1. (a) End 

effector orientation before tuning. (b) End effector orientation at iteration 10. (c) End 
effector error at iteration 10. (d) Design criterion profile. 

 
Figure 7.21: X Euler angle error for each participant for tests without feedforward 
dynamic compensation. (a) Error profiles for the entire tuning process. (b) Errors 

before tuning. (c) Errors at iteration 10. 
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7.5.2. Quad IFT implementation with dynamic compensation 

For this test, the participants were again asked to not exert any forces onto the robotic 

platform. The feedforward dynamic compensation values were recalculated to account for the 

increased mass of the lower limb, where 5kg was used for an estimated combined mass including 

the end effector. The result for participant 3 is shown in Figure 7.22. It can be seen from Figure 

7.22(b) that the end effector orientation tracking performance is again improved from the initial 

performance in Figure 7.22(a). The tracking errors were kept to below 10 degrees. The difference 

in the 𝐽𝐽(𝜌𝜌) values for actuators 1 and 4 between the initial iteration and the first iteration are 

purely due to cycle-to-cycle variability as the optimisation process only starts at the end of the first 

iteration. The reduction in the tracking error for each participant shown in Figure 7.23(a) was not 

as significant as in the uncompensated test which indicates that the dynamic compensation works 

well. From Figure 7.23(b) and Figure 7.23(c) it is also evident that the result of participant 3 has its 

error profile slightly shifted in the negative X Euler angle direction from the other participant’s 

results while retaining a similar shape and amplitude. This is likely due to a misalignment in the 

ankle location to the centre of rotation of the end effector. However the IFT algorithm was not 

affected by this probable misalignment and optimised the tracking performance without any 

issues. 
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Figure 7.22: Tuning test with dynamic compensation for participant 3. (a) End effector 
orientation before tuning. (b) End effector orientation at iteration 10. (c) End effector 

error at iteration 10. (d) Design criterion profile. 

 
Figure 7.23: X Euler angle error for each participant for tests with feedforward dynamic 
compensation. (a) Error profiles for the entire tuning process. (b) Errors before tuning. 

(c) Errors at iteration 10. 
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7.5.3. Emulating progress through rehabilitation 

For this test, each participant was asked to actively move the end effector to track the 

reference trajectory after 5 iterations of passive tuning, as demonstrated in Figure 7.24. The light 

yellow region indicates the passive iterations with no user input. This was done to emulate the 

scenario where patients are making progress in their range of motion capability through 

rehabilitation, in order to explore how IFT could adapt to the changing capabilities of the patient 

over time. For this test, the no compensation version of the control system structure was used, as 

the predetermined inverse dynamic model becomes invalid with active user inputs. All five 

participants were able to track the reference trajectory better than the pure control system starting 

from the 6th iteration. The effect on the IFT algorithm can be examined by comparing the 

normalised design criterion values 𝐽𝐽(𝜌𝜌) for each actuator in Figure 7.25. It can be seen that 𝐽𝐽(𝜌𝜌) 

for the all actuators stops improving immediately when the user starts to actively apply external 

torques to the robot. The controller parameters can also be examined to see the effect of the active 

user input. The values for parameter 𝐾𝑃 from all four actuators were collected and illustrated in 

Figure 7.26, which compares the passive test to the active test for participant 4. It is evident that 

the rate of change of 𝐾𝑃 is significantly smaller for all actuators after the user starts active input as 

compared to the passive test. These observations indicate that the IFT algorithm is able to adapt to 

the changing operating conditions. 

 
Figure 7.24: X Euler angle IFT position tuning profile for participant 4 with active user 

input after 5 passive tuning iterations. 
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Figure 7.25: Comparison of design criterion profiles 𝑱(𝝆) across participants for each 

actuator. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 

 
Figure 7.26: Comparison of controller parameter 𝑲𝑷 between passive and active tests for 

participant 4. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 
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7.5.4. Emulating device user change 

In the final test, a user change scenario was tested. This was to emulate a new person with 

different ankle stiffness characteristics using the robot after the system had already been optimised 

for another user. As the ankle stiffness for a stroke patient who has not had adequate RoM 

rehabilitative exercises is often much higher than one who has completed a rehabilitation 

programme, the participants were asked to stiffen up their ankles to restrict the end effector 

motion. The quad IFT implementation with no compensation was used again for this test, with 

tuning limited to 5 iterations (6 minutes) as it was a physically strenuous test. The starting values 

for each IFT instance were set to the end of tuning results from the passive test without 

compensation. The profiles for the main controller parameter 𝐾𝑃 are illustrated for all participants 

in Figure 7.27. It is evident that the quad IFT implementation was able to adjust to the higher 

ankle stiffness values in all cases. An interesting observation can be made from the third iteration 

data for participant 3. The participant did not stiffen up his ankle as much for this iteration only, 

and immediately the IFT algorithms on all four actuators were able to adjust for this discrepancy. 

 
Figure 7.27: Comparison of controller parameter 𝑲𝑷 for all five participants emulating 

a change in device user. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 
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7.6. Discussion 

The controller parameters obtained from the tuning process using the substitute lower limb 

bracket are given in Table 7.3 and Table 7.4. First and foremost, by looking at the overall data, it is 

evident that the IFT algorithm is affected by sensor noise. The proportional gains increased 

significantly from the starting value due to the larger than usual error component of the design 

criterion values 𝐽𝐽(𝜌𝜌), and the derivative gains hovered around the starting value also due to this 

noise being treated as oscillations by the algorithm. To facilitate the comparison of results between 

different test setups, the RMS of the error value in each Euler angle direction is calculated. The 

total RMS error can also be calculated to give an overall performance index using the following: 

𝑇𝑜𝑡𝑎𝑙 𝑅𝑅𝑀𝑆 𝐸𝑟𝑟𝑜𝑟 = �
1
𝑛��𝜃�𝑋,𝑘

2 + 𝜃�𝑌,𝑘
2 + 𝜃�𝑍,𝑘

2�
𝑛

𝑘=1

 (7.35) 

where 𝜃� is the error between the measured Euler angle and the desired Euler angle, and 𝑛 is the 

total number of samples. Additionally, the maximum amplitude reached should also be examined 

as it is important during rehabilitation that the end effector reaches the desired range of motion 

set by the reference trajectory. These error calculations are shown in Table 3.3, where the peak 

amplitude errors are calculated as follow: 

𝜃�𝑋,𝑝𝑒𝑎𝑘,𝑢𝑝𝑝𝑒𝑟 = �max(𝜃𝑋) − max�𝜃𝑋,𝑑�� (7.36) 

𝜃�𝑋,𝑝𝑒𝑎𝑘,𝑙𝑜𝑤𝑒𝑟 = �min(𝜃𝑋) − min�𝜃𝑋,𝑑�� (7.37) 

where 𝜃𝑋 is the actual peak RoM reached, and 𝜃𝑋,𝑑 is the desired RoM, which in this case was 30 

degrees for maximum value and -20 degrees for the minimum value. 
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Table 7.3: Controller parameters from IFT tuning with substitute lower limb and no dynamic compensation 

IFT 
instances 

Controlle
r gain 

Actuator 
1 2 3 4 

1 𝐾𝑃 16.7 16.7 16.7 16.7 

1 𝐾𝐷 1.35 × 10−4 1.35 × 10−4 1.35 × 10−4 1.35 × 10−4 

2 𝐾𝑃 11.8 8.24 8.24 11.8 

2 𝐾𝐷 1.45 × 10−4 1.09 × 10−5 1.09 × 10−5 1.45 × 10−4 

4 𝐾𝑃 17.5 13.4 8.15 10.3 

4 𝐾𝐷 1.32 × 10−4 4.04 × 10−4 8.10 × 10−5 7.32 × 10−5 

      

Table 7.4: Controller parameters from IFT tuning with substitute lower limb and dynamic compensation 

IFT 
instances 

Controlle
r gain 

Actuator 
1 2 3 4 

1 𝐾𝑃 14.1 14.1 14.1 14.1 

1 𝐾𝐷 6.11 × 10−5 6.11 × 10−5 6.11 × 10−5 6.11 × 10−5 

2 𝐾𝑃 4.97 16.02 16.02 4.97 

2 𝐾𝐷 1.35 × 10−4 1.27 × 10−4 1.27 × 10−4 1.35 × 10−4 

4 𝐾𝑃 16.1 14.7 7.85 10.6 

4 𝐾𝐷 5.78 × 10−5 2.54 × 10−5 5.92 × 10−5 6.33 × 10−5 

      

Table 7.5: Quantitative summary of test results with substitute lower limb 

IFT 
instances 

Dynamic 
comp. 

Euler angle RMS error (deg) Peak amplitude error (deg) 
X Y Z Total Upper Lower 

Manual No 5.39 3.53 4.03 7.60 2.97 3.79 

1 No 3.45 2.55 2.17 4.81 2.07 2.05 

1 Yes 3.80 2.79 2.49 5.33 2.94 0.34 

2 No 3.49 2.84 2.48 5.14 1.13 2.86 

2 Yes 5.39 3.42 2.95 7.03 2.83 1.37 

4 No 5.02 3.26 2.24 6.39 2.22 3.41 

4 Yes 4.13 3.49 1.15 5.52 1.65 1.46 

        

In the first set of IFT tuning tests, the experiments on the ankle rehabilitation robot were 

performed with the substitute lower limb and without any feedforward compensation applied. For 

the sake of ease of analysis and discussion, the results are examined in reverse of the testing 

168 



 
 

Multiple Degrees-of-Freedom IFT on Parallel Ankle Rehabilitation Robot

 
 
process. In the quad IFT implementation, all four 𝐽𝐽(𝜌𝜌) values showed downward trajectories of a 

similar shape, which indicate that different IFT instances are working together in the correct 

manner. Actuator 2 achieved the lowest end of tuning 𝐽𝐽(𝜌𝜌) value while Actuator 4 had the highest. 

The controller parameters reached by each IFT algorithm are very different from one another due 

to friction and misalignments for each actuator. The different controller parameter values 

achieved also provides evidence that each IFT algorithm instance was able to optimise its actuator 

properly in a multiple DoF implementation. For the dual IFT test, it can be seen that the tuning 

process resulted in controller gains that are in between the pair of gains obtained from the quad 

IFT test. This indicates that the IFT algorithm instances adapted to the situation and were able to 

account for both actuators’ performance levels. The performance for this test is slightly better than 

the quad IFT implantation with a slightly lower RMS error. For the single IFT implementation, it 

was coincidental that the highest gain actuator from the quad IFT test was used as the sole IFT 

tuning instance. And the result shows that due to the very high gain used on all four actuators, the 

errors were the lowest of all three tests, and the peak amplitude errors were similar. 

From the overall results, the total RMS errors worsened slightly as the number of IFT 

instances were increased. While the highest controller gain actuator was picked by chance for the 

single IFT test, it does not explain the increasing RMS error trend. This means that there were 

some interactions between the IFT instances where extra nonlinearities were present. 

The second set of tests utilised feedforward compensation using inverse dynamics to assist 

the tuning process of IFT. For the single IFT scenario, it can be seen that while both the 

compensation and no compensation results have similar RMS error magnitudes, the tests with 

compensation produced slightly lower controller gains on average, which indicate that dynamic 

compensation was effective. The dual IFT implementation produced the worst results of all the 

tests with the substitute lower limb. This could be due to testing variability, but a more likely 

explanation is that the interaction between the front and rear IFT arrangement is undesirable in 

conjunction with dynamic compensation, evident from the very low 𝐾𝑃  value obtained for 

actuator 1. In the quad IFT implementation, all four actuators were tuned successfully, and a 

lower total RMS error compared to the no compensation test was obtained. This test also provided 

the lowest peak amplitude error combination, which indicates that dynamic compensation was 
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effective in shaping of the response and to provide a better RoM reach. Overall for the tests with 

dynamic compensation, the initial 𝐽𝐽(𝜌𝜌) values were much lower than those from the first test set, 

which also decreased to even lower values. It can be concluded that dynamic compensation is 

effective in assisting the IFT tuning process by improving the shape of the response, as well as by 

reducing the undesirable interactions between IFT instances. 

The final set of tests involved human participants. The quad IFT implementation was 

selected as the control structure as it became obvious that each actuator would be optimised to 

different controller gains, and the effects were to be magnified in the human participant trials. 

However the general trend in tuning remains the same as the substitute lower limb tests. While 

compensation did not significantly alter the total RMS error for each participant, the shape of the 

waveform improved significantly, which is evident from Figure 7.22 as well as from the reduction 

in peak amplitude errors in all participants. It can also be seen from the results that even with no 

active joint torque applied to the system, passive joint stiffness has a significant effect on the 

trajectory reached, especially in the negative X Euler direction. But on the other hand, passive 

joint stiffness also helped to regulate the Y and Z Euler axis, making those directions stiffer. 

Smaller errors were present in those two axes when compared to tests involving the substitute 

lower limb. There is also no evidence to suggest the existence of excessive interaction amongst IFT 

instances, as the IFT algorithms were successful in achieving downhill 𝐽𝐽(𝜌𝜌) directions in all 

passive tests for all participants. Furthermore, it was observed that the uncompensated test started 

off with a much larger error as compared to the compensated one, for all tests. But at the end of 

the tuning process, the errors were very similar. This shows that even though the dynamic 

compensation is useful in the tuning process, the IFT algorithm is still very robust against system 

nonlinearities. Joint misalignments from participant 3 also resulted in successful tuning which 

further proves the flexibility of IFT. The resultant error values achieved from the passive tests are 

shown in Table 7.6. 

170 



 
 

Multiple Degrees-of-Freedom IFT on Parallel Ankle Rehabilitation Robot

 
 

Table 7.6: Quantitative summary of passive test results with human participants 

Particip. 
number 

Dynamic 
comp. 

Euler angle RMS error (deg) Peak amplitude error (deg) 
X Y Z Total Upper Lower 

1 No 6.57 1.84 2.39 7.24 2.24 11.01 

1 Yes 6.09 2.51 1.92 6.87 1.57 6.43 

2 No 5.66 1.52 2.06 6.22 2.99 9.16 

2 Yes 5.96 1.70 1.91 6.49 2.43 7.35 

3 No 5.04 4.21 2.87 7.16 4.02 6.92 

3 Yes 4.22 4.51 3.65 7.18 2.31 3.27 

4 No 5.11 2.46 3.31 6.57 0.50 7.59 

4 Yes 5.45 1.68 3.17 6.53 4.49 4.75 

5 No 5.48 2.50 2.70 6.60 3.26 7.34 

5 Yes 5.37 3.57 3.27 7.22 0.08 7.99 

        

For the active user input tests, the IFT algorithm instances were able to successfully adapt to 

the changing user capabilities for all participants. The controller gains obtained at the end of 

tuning were significantly lower than the passive tests, showing the robustness of the IFT algorithm. 

Similar findings can be concluded from the second set of active test designed to emulate changing 

to different users, as the IFT algorithm instances increased the controller gains at a very fast rate to 

try to compensate for the increase in ankle stiffness on each participant. 

Overall, it is evident that the ILC technique in the form of IFT can be used to automatically 

adjust to different users under various operating conditions. It is also evident that the multiple 

degrees-of-freedom implementation of the IFT technique is effective in optimising for end 

effector responses. This opens up possibilities for a more refined customisation in rehabilitation 

exercise performance. For instance, when the affected limb has a directional bias in the stiffness 

and range of motion capabilities, the newly proposed multi-DoF IFT technique can be used to 

account for that, thus achieving improved exercise results and ultimately can lead to a better 

patient outcome.  
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7.7. Chapter Summary 

A multiple degrees-of-freedom implementation of the IFT technique was proposed and 

tested on a redundantly actuated parallel ankle rehabilitation robot in this chapter. While there 

were some interactions with the use of multiple IFT instances, the algorithm was successful in 

optimising the ability to control the end effector orientation in joint space. 

The complete and reduced inverse dynamics analyses were also performed on this robot. It 

was found that the reduced analysis was able to describe all the dynamics in the system while 

being significantly faster to compute, and thus was used for further IFT tuning tests. Test results 

show that the implementation of feedforward dynamic compensation assisted the IFT tuning 

process by reducing the controller gain requirements while retaining similar performance levels. 

Finally, human participants were recruited to further validate the usage of IFT on the ankle 

rehabilitation robot, as well as to validate the efficacy the proposed multi-DoF IFT scheme. It can 

be concluded that the multi-DoF IFT implementation provides robustness to the control system 

by adapting to different situations, which can in turn improve the effectiveness of robotic 

rehabilitation. 
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Chapter 8 

 

Conclusions and Future Work 

 

As human life expectancy increases, stroke has become a major cause of disability amongst 

the ageing population. In addition, sports injuries can also result in temporary and permanent 

impairments affecting functional daily activities. Proper rehabilitation has been shown to improve 

patient outcome and prevent re-injuries, and current techniques involve manual manipulation has 

issues of labour intensiveness, precision and subjectivity. Robotic rehabilitation devices aim to 

alleviate these issues and to provide new avenues for more advanced rehabilitation techniques. 

However, most of the current robotic rehabilitation devices have some form of adaptive control 

that has to be manually adjusted to suit different capabilities of the patients as well as for when 

patients progress through rehabilitation phases. This research investigates the use of advanced 

iterative learning algorithms which has the potential to address the problem of adaptability and 

robustness, in order to provide a more user friendly and patient oriented approach to robotic 

rehabilitation. This chapter summarises the major outcomes and conclusions drawn from this 

research, and proposes future areas of potential research in order to extend the work presented in 

this thesis. 

173 



 
 
Conclusions and Future Work 

 
 

8.1. Major Outcomes, Conclusions and Contributions 

The main outcome of this research was to develop a more robust control technique for 

robotic rehabilitation devices. A comprehensive literature review was performed to identify the 

features and challenges of current robotic rehabilitation. A suitable model-free iterative learning 

control in the form of iterative feedback tuning was then selected as it is a good match with 

current rehabilitation strategies and the variety of control system structures. IFT as the chosen ILC 

was then explored in-depth in order to further develop its algorithm and to improve its robustness. 

The underlying optimisation algorithm was examined in depth and it was found that while the 

choice of optimisation algorithm has an effect on the performance, improvements can be found in 

the design criterion part of the IFT technique. Consequently, a normalised version of the IFT 

design criterion was proposed which improved the robustness of the overall tuning technique, and 

an optimal value range of the weighting factor that gives the best trajectory tracking performance 

was presented. The improved IFT technique was then implemented onto a single DoF knee joint 

rehabilitation device, where a cascade impedance control scheme was used and IFT was 

successfully applied onto both the inner force and outer position control loops. The iterative 

learning capability was also validated with tests on a human participant. An existing redundantly 

actuated 3 DoF parallel ankle rehabilitation robot was improved to address usability and reliability 

issues. A multi-DoF IFT implementation was then proposed and tested using this improved robot, 

where different control structure configurations were tested using online tuning to provide 

robustness to trajectory tracking control. In addition, tests with human participants were also 

performed to validate the proposed multi-DoF IFT and to examine the performance and flexibility 

of the IFT technique under different operating conditions. The detailed research outcomes, 

conclusions and contributions are provided in the subsections below. 

8.1.1. A Comparative study of IFT optimisation algorithms for rehabilitation 

The performance of the IFT technique depends on several factors, and one of which is the 

underlying optimisation algorithm. The GN algorithm used in the original IFT literature, and its 

alternatives were explored, which were the LM algorithm with an improved 𝜇 update strategy and 

the BFGS QN algorithm. Simulations comparing the candidate optimisation algorithms as well as 
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the traditional ZN manual tuning method were performed using a time-masked design criterion 

on two different plants. It was found that all three IFT optimisation algorithms performed better 

than the manual tuning method. While all algorithm candidates optimised the simulated plants to 

approximately the same end point, the Gauss-Newton algorithm behaved the best during the 

optimisation process. 

The three optimisation algorithm candidates were then tested on a platform comprised of a 

pair of antagonistically arranged PMAs. This experiment also acted as a preliminary validation of 

the suitability of the IFT technique on a type of actuator that is becoming increasingly common in 

rehabilitation robotics usage. A cascade control system with a pressure control inner loop was 

implemented. First, a weighting factor 𝜆 value that provided a good balance between reference 

tracking performance and system oscillations was found. The three algorithms were then tested 

against each other as well as the ZN method. It was concluded that while all three optimisation 

algorithms were capable of tuning the control system and were better than the ZN manual tuning 

technique, the LM algorithm produced the worse result due to its inherent slow convergence rate. 

The BFGS QN algorithm gave the lowest end of tuning design criterion value but was not as stable 

as the other two algorithms. The GN algorithm produced a comparable optimisation performance 

while having the best RMS error value profile throughout tuning, and therefore was declared as 

the winner. In addition, not only the optimisation algorithm has an effect on the tuning outcome, 

the 𝜆 value also has a large influence in the performance of an IFT tuning process. 

8.1.2. A normalised design criterion for IFT with optimal weighting factor 

Previously, the weighting factor 𝜆 was determined by trial and error, which required the 

system designer to be experienced or to have an intimate knowledge of the system being tuned. In 

this research, a normalised version of the design criterion for the IFT technique has been 

proposed. By replacing 𝜆 with the normalised weighting factor 𝜆𝑛 and a normalising factor 𝐾𝑛, 

this need for trial and error can be reduced or even eliminated. In addition, the newly introduced 

normalised design criterion was tested in simulation using the Monte Carlo method. Four plant 

sets were trialled using both step input and sinusoidal inputs, and an optimal value range of 𝜆𝑛 

targeted at obtaining the best trajectory tracking response was obtained. 
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The normalised design criterion was then put to the test in comparison with the standard 

design criterion. It was concluded that the newly introduced normalised design criterion was 

more robust, and maintains its system agnostic properties throughout the tests on different plants. 

The sensitivity of the optimal 𝜆𝑛 value range was also tested to give acceptable results. In addition, 

the tuning characteristics of the normalised design criterion remained the same as the standard 

version, which proves that the optimisation performance of the algorithm was unaffected by the 

change in design criterion. It was decided that this normalised design criterion was to be used for 

all IFT implementations throughout the rest of this research. 

8.1.3. Impedance control with iterative learning capabilities 

Impedance control with iterative learning capabilities was explored on the HuREx wearable 

knee joint rehabilitation orthosis, which uses an antagonistic pair of PMAs to actuate a rotating 1 

DoF joint with Bowden cable interconnects. The impedance control structure was implemented 

with a cascading inner force control loop and an outer position control loop. It was important to 

examine how the IFT technique be used for both optimising the inner and outer control loops as 

this form of control scheme is one of the most commonly used in rehabilitation robotics. Offline 

tuning mode was used for this study. 

First, IFT was used to successfully tune the inner force control loop at varying reference force 

frequencies. The resultant controller parameters were then used for all other experiments. The 

standard impedance control with fixed controller gains was found to be inferior to the IFT tuned 

controller in terms of joint angle errors. The IFT technique was also able to tune the controller 

even when the first few iterations of output mimicked the start of rehabilitation process for a 

patient by producing negligible movements of the orthosis, which is a testament to the robustness 

of the tuning algorithm. 

The system dynamics model was obtained by experimental analyses, and was incorporated 

into a feedforward control which aimed to relegate the feedback control for disturbance rejection 

purposes. It was found that IFT tuned version produced a slightly worse but still acceptable result 

in terms of trajectory tracking, but the joint torque profile was much improved with less high 

frequency chatter. 
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The two best performing control configurations were tested on a human participant. The use 

of human participant trials is important in understanding how the control systems perform in real 

life situations. Results showed that the IFT tuned for optimal reference tracking performance 

delivered the a much lower tracking error while being consistently better in terms of joint torque 

and high frequency chatter as compared to the feedforward impedance control with fixed 

controller parameters. However, as the human participant tests relied on previously obtained 

offline tuning results, improvements may be made with online in-situ tuning. 

8.1.4. An improved robot for ankle rehabilitation 

Usability and reliability issues on an existing 3 DoF redundantly actuated ankle rehabilitation 

robot were identified. It was found that the multitude of wiring and the amount of subsystem 

hardware needed contributed to both issues. Other issues include the bulkiness of all the 

subsystem components, and the limited control loop speed due to sensor limitations. These issues 

were tackled on several fronts. Usability was improved by hardware integration, where an 

embedded data acquisition and communication solution was developed using a 32 bit Atmel AVR 

architecture. This solution includes all necessary inputs, outputs, signal amplification and power 

supply that all sensors, actuators and the host PC can connect to. The hardware integration and 

update also addressed the issue of control loop speed. 

In addition, the user experience was further enhanced from the perspective of HRI. A Google 

Android app was developed to be used on smart devices utilising their built-in sensors and the 

Bluetooth module. This allows the patient or the physiotherapist to wirelessly control the 

reference trajectory in real-time of the robot by reorienting the smart device in 3 DoF. Thus an 

accessible and intuitive level of interaction between the user and the robot can be achieved, which 

has the potential to improve patient motivation and confidence. Furthermore, trajectories 

generated by the user of the smart device can also be recorded for future use, such as to practice a 

certain task or to repeat rehabilitation sessions with the same trajectory. 
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8.1.5.  Multi-DoF IFT on parallel ankle rehabilitation robot 

A multiple degrees-of-freedom IFT implementation was proposed to control the end effector 

orientation of the improved ankle rehabilitation robot in joint space. This device was chosen as it 

was a platform based robot with 3 DoF, and was redundantly actuated using multiple DC linear 

actuators. The use of multiple instances of simultaneous IFT tuning was examined in single, dual 

and quad IFT configurations, with a substitute lower limb bracket installed as the required 

kinematic constraint of the robot. It was found that while the performance of the single IFT 

configuration gave the lowest total RMS tracking error, the quad IFT implementation still 

produced a very good result, with each actuator optimised based on its differing characteristics. 

This proves that the IFT algorithm instances are able to work in unison to achieve an optimised 

tuning result with minimal undesired interactions from one another. 

The full system inverse dynamics analysis was performed using the Lagrange's method. The 

Lagrangian was formed via calculating the kinetic and potential energies of each component. By 

solving the Lagrangian, the actuating forces were computed using motion information as the 

input. An advantage of using the Lagrange's method is that the dynamic model can be easily 

simplified by leaving out certain components in the Lagrangian. Due to the redundant nature of 

the robot actuation, the minimum 2-norm of the actuating force solution was chosen. It was 

concluded that the simplified model which does not consider the rotational motion of the 

actuating links was still able to capture the full dynamic of the system, producing very similar 

actuating force profiles. The simplified dynamics model was also significantly faster to compute, 

thus was selected to be used in experiments. 

The experiments were performed again with the addition of computed inverse dynamics 

compensation. It was found that while the total RMS error did not change significantly, the peak 

amplitude errors were much improved. This indicates that a better range of motion could be 

achieved with the assistance of the feedforward dynamic compensation, which also assisted the 

IFT tuning process with the lower controller parameters obtained. 

Finally, the efficacy of the proposed multi-DoF IFT was validated on five human participants 

varying in gender, height and weight using quad IFT configurations with and without dynamic 
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compensations. It was found that the IFT algorithm was shown to be able to optimise the 

controller for all actuators on all participants. Further tests demonstrated online retuning of the 

controller parameters by simulating change from one user to another with different ankle stiffness, 

and the adaptability of the IFT algorithm for users progressing through rehabilitation with active 

user inputs. It was concluded that the multi-DoF IFT scheme is capable of optimising each 

individual actuator on the ankle rehabilitation platform to provide a more customised 

rehabilitation experience for the patient. Overall, the IFT technique provides more robustness to 

the control of the ankle rehabilitation robot, and is able to optimise the controller parameters for 

different users as well as for various rehabilitation situations encountered. 

8.2. Proposed Future Work 

8.2.1. General IFT technique extension and improvement 

As discussed previously, the performance of the IFT technique relies partly on the underlying 

optimisation algorithm. Apart from the analysis performed on the selected IFT optimisation 

algorithm in Chapter 3, the effectiveness of other algorithms can be investigated. For instance, 

other than the BFGS version of the Hessian matrix update rule, other versions can also be 

examined such as DFP, Broyden or SR1 [207]. Trust region based Hessian generation rule can also 

be considered, where a local quadratic model over a restricted ellipsoidal region is expanded and 

contracted based on how well it predicts the behaviour of the design criterion [208]. This is similar 

to the Levenberg-Marquardt approach and has very strong convergence properties even when the 

starting values are undesirable. 

In terms of extending the IFT technique, a hybrid IFT method can be researched. As the 

variations of the Newton’s method used for IFT only optimise the controller parameter vector to a 

local minimum, a form of globally convergent iterative optimisation algorithm can somewhat 

alleviate this issue. Multiobjective genetic algorithm is one such candidate, where techniques 

inspired by the process of natural selection are used, such as inheritance, crossover, and mutation 

[209, 210]. However, global optimisation algorithms have the issues of large population size 

requirements, and therefore may result in slow and computationally expensive optimisation 
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iterations. A hybrid of the global and local optimisation approach can be considered, where the 

global optimisation algorithm is used first to isolate some well performing controller parameter 

sets, and these are then tested using the traditional IFT technique with local convergence 

properties. This hybrid technique also has the benefit of less stringent starting controller 

parameter value requirements. One potential pitfall is that there may be issues with system 

stability for all the controller gain combinations tested, therefore a stable range of values need to 

be identified first. 

8.2.2. Tailored IFT algorithm for rehabilitation 

While the IFT technique was used in this research was of a generic composition, 

improvements can be made by tailoring the technique to the features and characteristics of the 

rehabilitation process. The design criterion is one area where customisation w.r.t. rehabilitation 

can be made. In rehabilitation control, the design criterion value 𝐽𝐽(𝜌𝜌) should not depend only on 

the magnitude of the control action, but also the smoothness of the input signal. This can be 

achieved by calculating taking the sum of the squared difference between control input value at 

each time step 𝑢𝑡 and the mean of the control input signal 𝑢�, thus creating a new control signal 

variance term. This removes the relevancy of the amplitude of the control signal as it usually is 

system dependent and meaningless. Another justification for this proposed design criterion 

modification is that the new input smoothness term becomes much like the error term, where the 

error is essentially the output variance on top of the reference input signal. 

Trajectory tracking, resistive exercises and assistive task training may need different 

controller parameter sets that emphasise on different aspects of the system performance. The IFT 

technique can be altered in terms of weighting factor as well as the design criterion selection to 

suit. From the IFT optimisation algorithm perspective, step sizes can also be changed in order to 

emphasise certain controller gain values in the controller parameter vector as needed [98]. 

In terms of the overall control strategy, care should be taken when applying iterative learning 

control to rehabilitation devices. As seen from experiments throughout this research, the 

convergence speed of the IFT technique is usually rapid, often within 10 to 20 iterations. To 

prevent overtuning the system while the IFT is used online, the algorithm may not need to be run 
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at all times, and should only be turned on only when needed. One suggestion is that when a 

performance index (e.g. 𝐽𝐽(𝜌𝜌) or the error magnitude) falls below a certain threshold, IFT becomes 

active until the system is tuned to the desired performance specification. The tuning process is 

then stopped, and the monitoring process is started again. 

When it comes to data gathering in rehabilitation, noise and outliers are ever-present issues 

in sensor signals, especially from analog sensors. While effective filtering techniques are always 

recommended, a technique presented in [211] can be used to reduce the effect of noise and 

outlying data affecting the result of the Gauss-Newton process. This proposed implementation has 

the potential to enhance the efficacy of the IFT technique in rehabilitation devices. 

8.2.3. Improvements to control of HuREx knee joint rehabilitation orthosis 

For the HuREx knee joint rehabilitation device, control performance improvements can be 

made on several fronts. Presently, the orthosis is slow in actuation partly due to the size of the 

PMAs used as well as limitations in the size of the valve openings. More capable hardware selected 

and designed with an emphasis on the speed of actuation can eliminate this issue, and allows 

actual gait cycle experiments to be performed. 

The performance of the IFT technique on the HuREx orthosis can be improved by enhancing 

the linearity of the overall control system. From the hardware point of view, the Bowden cable 

causes added friction that depends on orientation, speed and tension [56]. This friction needs to 

be dynamically compensated, or it can be eliminated by attaching the PMAs directly at the joint as 

seen in [212], although this will increase the bulkiness and inertia of the orthosis. From the point 

of view of the control system, a superior dynamic model can be realised by taking into account of 

the passive torque of the human knee joint, which can be compensated for, thus making the 

system more linear. Due to the different inflation and deflation characteristics of the PMA, gain 

scheduling can also assist the IFT technique in tuning and controlling the orthosis [128]. 

On the algorithm side of the IFT technique, the weighting factor 𝜆𝑛 can be tailored to tune 

for a limited control action. This allows the amount of force applied to the user to be regulated, 

thus achieving automatically controlled impedance. Furthermore, the IFT technique can be 
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adapted to tune the inner and outer loops of the cascading impedance control simultaneously, 

resulting in a controller parameter vector 𝜌𝜌 consisting of up to six controller gain values. By 

tuning both loops together, the overall system is considered as a whole and all elements are 

optimised together, which can result in better performance. 

8.2.4. Improvements to control of parallel ankle rehabilitation robot 

Further work can be done on the parallel ankle rehabilitation robot to enhance the 

performance of its iterative learning control. Currently, all the analog sensor values returned from 

the robot are rather noisy. This not only affects the Z Euler estimation process and actuator 

control effectiveness, but also does not allow for real-time dynamic compensation as the 

derivatives of the position data would contain too much noise amplification. This issue of system 

noise can be tackled using advanced noise filtering techniques, adding a dedicated hardware DSP, 

better analog-to-digital conversion hardware, or better hardware integration circuit design that 

does not use switching voltage converters. 

Hardware design can also be improved with tighter tolerance and better thought out 

mechanical designs that emphasise on minimising friction. It can be complemented by using 

better actuators that has less friction, which improves control effectiveness and allows the system 

to be backdriven. Additionally, improved end effector design with more secure shank and foot 

bracings will be effective in reducing unwanted motion which creates measurement error and 

joint misalignment. 

More advanced control schemes can be implemented. Proper impedance control on the 

robot can be examined using iterative learning control. Task space interaction control of the end 

effector that provides a more intuitive approach can also be explored using IFT as an iterative 

learning algorithm. 

Whatever the control scheme, better dynamic compensation can always increase the efficacy 

of the IFT technique. The accuracy of the inverse dynamics analysis can be improved by obtaining 

more accurate inertia tensors and centre of gravity locations. As the redundant nature of the robot 

allows for infinite combinations of actuating force profiles to produce the desired end effector 
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motion, different optimisation techniques can be used to give more suitable analysis results, such 

as optimising for system internal forces, vertical force, or system power to give a smooth force 

trajectory. Furthermore, additional nonlinear elements can be incorporated into the dynamic 

model. System and actuator friction is one such component that can be modelled and 

compensated for. Another major nonlinearity comes from passive ankle torque, which can also be 

described using a dynamic model. All of the above will no doubt improve the overall performance 

of the iteratively tuned robot control. 

8.3. Summary 

This research explored the use of advanced iterative learning algorithm to provide 

adaptability and robustness to the robotic rehabilitation process. The knowledge domain of 

iterative learning control has been extended by examining the various optimisation algorithms of 

the IFT technique, as well as by proposing a system agnostic normalised IFT design criterion. On 

the application side, an impedance control with iterative learning capabilities was applied to a 

wearable knee joint rehabilitation orthosis, and a multi-DoF IFT was proposed and examined on 

an ankle rehabilitation robot. The research presented in this thesis not only provides valuable 

progress to iterative learning control, but also has the possibility to improve patient outcome 

through the application of robust control methods on rehabilitation robots. 
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Appendix A 

 

Tuning Progressions of IFT Optimisation 

Algorithms on the PMA Test Platform 

The detailed tuning progression for each IFT optimisation algorithm on the PMA test 

platform is shown here. The first plot in each set shows the iteration 1 and iteration 10 system 

responses, while the second plot shows the complete tuning progression. 

 
Figure A.1: Comparison of before and end of tuning system response for the Gauss-

Newton algorithm on the PMA test platform. 

185 



 
 
Tuning Progressions of IFT Optimisation Algorithms on the PMA Test Platform

 
 

 
Figure A.2: Gauss-Newton algorithm tuning progression on the Antagonistic PMA test 

platform. 

 
Figure A.3: Comparison of before and end of tuning system response for the Levenberg-

Marquardt algorithm on the PMA test platform. 
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Figure A.4: Levenberg-Marquardt algorithm tuning progression on the Antagonistic 

PMA test platform. 

 
Figure A.5: Comparison of before and end of tuning system response for the BFGS 

Quasi-Newton algorithm on the PMA test platform. 
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Figure A.6: BFGS Quasi-Newton algorithm tuning progression on the Antagonistic 

PMA test platform. 
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Appendix B 

 

Derivation of the IFT Algorithm with a 

Normalised Design Criterion  

B.1. The Minimisation Problem 

Consider a 2 DoF closed loop system as shown in Figure B.1, where controller 𝐶𝑟  is a PI 

controller and controller 𝐶𝑦𝑦 is a PID controller sharing the same proportional and integral 

controller gains as 𝐶𝑟 , and 𝑟𝑡  is some predetermined reference trajectory. The controller 

parameters for 𝐶𝑟  and 𝐶𝑦𝑦 are collected and optimised in a vector of controller parameters 𝜌𝜌: 

𝜌𝜌 = [𝐾𝑃 𝐾𝐼 𝐾𝐷]𝑇 (B.1) 

 
Figure B.1: Two degrees-of-freedom closed loop control system. 

The system response error is defined as 𝑦𝑦�𝑡(𝜌𝜌) = 𝑦𝑦𝑡(𝜌𝜌)− 𝑟𝑡, and the design criterion to be 

optimised is: 

189 



 
 
Derivation of the IFT Algorithm with a Normalised Design Criterion

 
 

𝐽𝐽(𝜌𝜌) =
1

2𝑁��𝐿𝑦𝑦𝑦𝑦�𝑡(𝜌𝜌)2 + 𝜆𝑛𝐾𝑛𝐿𝑢𝑢𝑡(𝜌𝜌)2�
𝑁

𝑡=1

 (B.2) 

where the normalising coefficient 𝐾𝑛 is: 

𝐾𝑛 =
𝑦𝑦𝑑,𝑚𝑎𝑥 − 𝑦𝑦𝑑,𝑚𝑖𝑖𝑛

𝑢𝑡,𝑚𝑎𝑥 − 𝑢𝑡,𝑚𝑖𝑖𝑛  (B.3) 

Assuming no frequency weighted filters are applied, so therefore 𝐿𝑦𝑦 = 𝐿𝑢 = 1. To obtain the 

minimum of the design criterion 𝐽𝐽(𝜌𝜌), one needs to find a solution for the 𝜌𝜌 such that: 

0 =
𝜕𝜕𝐽𝐽(𝜌𝜌)
𝜕𝜕𝜌𝜌 =

1
𝑁��𝑦𝑦�𝑡(𝜌𝜌)

𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌)
𝜕𝜕𝜌𝜌 + 𝜆𝑛𝐾𝑛𝑢𝑡(𝜌𝜌)

𝜕𝜕𝑢𝑡(𝜌𝜌)
𝜕𝜕𝜌𝜌 �

𝑁

𝑡=1

 (B.4) 

B.2. Estimating the Gradient of the Normalised Design Criterion 

Without considering external disturbances such as noise, the error 𝑦𝑦�𝑡 can also be written as: 

𝑦𝑦�𝑡(𝜌𝜌) =
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑟𝑡 − 𝑟𝑡 (B.5) 

The partial derivative of 𝑦𝑦�𝑡(𝜌𝜌) with respect to the controller parameters 𝜌𝜌 is: 

𝜕𝜕𝑦𝑦�𝑡
𝜕𝜕𝜌𝜌 =

𝐶𝑟′(𝜌𝜌)
𝐶𝑟(𝜌𝜌) �

𝐶𝑟(𝜌𝜌)𝐺
1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 �𝑟𝑡 −

𝐶𝑦𝑦′ (𝜌𝜌)
𝐶𝑟′(𝜌𝜌) 𝑦𝑦𝑡(𝜌𝜌)�� (B.6) 

For each controller parameter, the expression for the partial derivative of 𝑦𝑦�𝑡(𝜌𝜌) is: 

𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌)
𝜕𝜕𝐾𝑃

=
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐾𝑃

�
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑟𝑡 −
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑦𝑦𝑡
(𝜌𝜌)� (B.7) 

𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌)
𝜕𝜕𝐾𝐼

=
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐾𝐼

�
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑟𝑡 −
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑦𝑦𝑡
(𝜌𝜌)� (B.8) 
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𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌)
𝜕𝜕𝐾𝐷

= −
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑦𝑦(𝜌𝜌)
𝜕𝜕𝐾𝐷

𝐶𝑟(𝜌𝜌)𝐺
1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑦𝑦𝑡

(𝜌𝜌) (B.9) 

It is realised that the partial derivatives can be obtained by performing actual experiments on 

the system: 

𝑦𝑦𝑡,1(𝜌𝜌) =
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑟𝑡 
(B.10) 

𝑦𝑦𝑡,2(𝜌𝜌) =
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑦𝑦𝑡,1(𝜌𝜌) (B.11) 

and to reduce bias, a third experiment can be performed which is the same as the first experiment: 

𝑦𝑦𝑡,3(𝜌𝜌) =
𝐶𝑟(𝜌𝜌)𝐺

1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 𝑟𝑡 
(B.12) 

As a result, the estimated partial derivatives in (B.7), (B.8) and (B.9) can be rewritten as: 

𝑒𝑠𝑡 �
𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌)
𝜕𝜕𝐾𝑃

� =
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐾𝑃

�𝑦𝑦𝑡,3(𝜌𝜌)− 𝑦𝑦𝑡,2(𝜌𝜌)� (B.13) 

𝑒𝑠𝑡 �
𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌)
𝜕𝜕𝐾𝐼

� =
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐾𝐼

�𝑦𝑦𝑡,3(𝜌𝜌)− 𝑦𝑦𝑡,2(𝜌𝜌)� (B.14) 

𝑒𝑠𝑡 �
𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌)
𝜕𝜕𝐾𝐷

� = −
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑦𝑦(𝜌𝜌)
𝜕𝜕𝐾𝐷

𝑦𝑦𝑡,2(𝜌𝜌) (B.15) 

A similar process can be followed for the control input term 𝑢𝑡, and the estimated partial 

derivative of 𝑢𝑡 with respect to 𝜌𝜌 can be written as: 

𝑒𝑠𝑡 �
𝜕𝜕𝑢(𝜌𝜌)
𝜕𝜕𝜌𝜌 � =

𝐶𝑟′(𝜌𝜌)
𝐶𝑟(𝜌𝜌) �

𝐶𝑟(𝜌𝜌)
1 + 𝐶𝑦𝑦(𝜌𝜌)𝐺 �𝑟𝑡 −

𝐶𝑦𝑦′ (𝜌𝜌)
𝐶𝑟′(𝜌𝜌) 𝑢𝑡(𝜌𝜌)�� (B.16) 

The partial derivative of 𝑢𝑡 with respect to each controller parameter can then be written as: 
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𝑒𝑠𝑡 �
𝜕𝜕𝑢𝑡(𝜌𝜌)
𝜕𝜕𝐾𝑃

� =
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐾𝑃

�𝑢𝑡,3(𝜌𝜌) − 𝑢𝑡,2(𝜌𝜌)� (B.17) 

𝑒𝑠𝑡 �
𝜕𝜕𝑢𝑡(𝜌𝜌)
𝜕𝜕𝐾𝐼

� =
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐾𝐼

�𝑢𝑡,3(𝜌𝜌) − 𝑢𝑡,2(𝜌𝜌)� (B.18) 

𝑒𝑠𝑡 �
𝜕𝜕𝑢𝑡(𝜌𝜌)
𝜕𝜕𝐾𝐷

� = −
1

𝐶𝑟(𝜌𝜌)
𝜕𝜕𝐶𝑦𝑦(𝜌𝜌)
𝜕𝜕𝐾𝐷

𝑢𝑡,2(𝜌𝜌) (B.19) 

The estimated gradient of the normalised design criterion 𝐽𝐽(𝜌𝜌) for the 𝑖𝑖th iteration based 

entirely on experimental data can be constructed from the estimated partial derivatives: 

𝑒𝑠𝑡 �
𝜕𝜕𝐽𝐽(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 � =

1
𝑁��𝑦𝑦�𝑡(𝜌𝜌𝑖𝑖)𝑒𝑠𝑡 �

𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 �+ 𝜆𝑛𝐾𝑛𝑢𝑡(𝜌𝜌𝑖𝑖)𝑒𝑠𝑡 �

𝜕𝜕𝑢𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 ��

𝑁

𝑡=1

 (B.20) 

B.3. Calculating the next iterate 

The next iterate is calculated using the Gauss-Newton optimisation algorithm: 

𝜌𝜌𝑖𝑖+1 = 𝜌𝜌𝑖𝑖 − 𝛾𝛾𝑖𝑖𝑅𝑅𝑖𝑖−1𝑒𝑠𝑡 �
𝜕𝜕𝐽𝐽(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 � (B.21) 

where the 𝑅𝑅𝑖𝑖 is the Gauss-Newton approximation to the Hessian matrix: 

𝑅𝑅𝑖𝑖 =
1
𝑁��𝑒𝑠𝑡 �

𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 � 𝑒𝑠𝑡 �

𝜕𝜕𝑦𝑦�𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 �

𝑇

+ 𝜆𝑛𝐾𝑛𝑒𝑠𝑡 �
𝜕𝜕𝑢𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 � 𝑒𝑠𝑡 �

𝜕𝜕𝑢𝑡(𝜌𝜌𝑖𝑖)
𝜕𝜕𝜌𝜌 �

𝑇

�
𝑁

𝑡=1

 (B.22) 
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Appendix C 

 

Ankle Rehabilitation Robot Hardware 

Integration Solution Circuit Design 

This appendix details the hardware integration solution developed for the ankle 

rehabilitation robot. It includes a list of major components used as well as the schematic drawings 

of the circuit designs. 

Table C.1: Ankle rehabilitation robot hardware integration major components used 

Component Quantity Description 

74AUP1G17GW 4 3.3V Schmitt-trigger buffer for SPI communication 

AD623ARZ 4 Instrumentation amplifier for analog load cell signal 

ADG3308BRUZ 1 SPI 3.3V to 5V bidirectional logic level translator 

ADIS16209 1 Dual axis digital inclinometer 

AT32UC3C1512C 1 32-bit AVR microcontroller 

MAX202CSE 1 RS232 USART communication 

OP177GSZ 1 1.65V amplifier voltage reference 
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Figure C.1: Ankle rehabilitation platform communication and data acquisition circuit 

schematic – main board amplification and sensor connections. 
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Figure C.2: Ankle rehabilitation platform communication and data acquisition circuit 

schematic – main board power, serial and debug communication, and MCU connection. 
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Figure C.3: Ankle rehabilitation platform communication and data acquisition circuit 

schematic – MCU breakout board. 
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Figure C.4: Ankle rehabilitation platform communication and data acquisition circuit 

schematic – Inclinometer adapter board. 
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Figure C.5: Ankle rehabilitation platform communication and data acquisition circuit 

schematic – SPI buffer module. 
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Appendix D 

 

Complete Results for Human Participant 

Testing on the Ankle Rehabilitation Robot 

The complete results for all five participants are shown in this appendix. The profile for each 

participant is shown in Table 3.2. Figure 7.20 to Figure D.5 are the passive quad IFT results 

without any compensation. Figure D.6 to Figure D.10 are the passive quad IFT results with 

feedforward dynamic compensation applied. Figure D.11 to Figure D.15 are the controller 

parameter 𝐾𝑃 results for active user input after 5 passive iterations. 

Table D.1: Participant profiles for tests performed on the ankle rehabilitation robot 

Participant Gender Height Weight 

1 Male 1.78m 70kg 

2 Male 1.78m 95kg 

3 Male 1.85m 85kg 

4 Female 1.58m 47kg 

5 Male 1.70m 60kg 
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Complete Results for Human Participant Testing on the Ankle Rehabilitation Robot

 
 

 
Figure D.1: Tuning test without dynamic compensation for participant 1. (a) End 

effector orientation before tuning. (b) End effector orientation at iteration 10. (c) End 
effector error at iteration 10. (d) Design criterion profile. 

 
Figure D.2: Tuning test without dynamic compensation for participant 2. (a) End 

effector orientation before tuning. (b) End effector orientation at iteration 10. (c) End 
effector error at iteration 10. (d) Design criterion profile. 
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Complete Results for Human Participant Testing on the Ankle Rehabilitation Robot

 
 

 
Figure D.3: Tuning test without dynamic compensation for participant 3. (a) End 

effector orientation before tuning. (b) End effector orientation at iteration 10. (c) End 
effector error at iteration 10. (d) Design criterion profile. 

 
Figure D.4: Tuning test without dynamic compensation for participant 4. (a) End 

effector orientation before tuning. (b) End effector orientation at iteration 10. (c) End 
effector error at iteration 10. (d) Design criterion profile. 
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Complete Results for Human Participant Testing on the Ankle Rehabilitation Robot

 
 

 
Figure D.5: Tuning test without dynamic compensation for participant 5. (a) End 

effector orientation before tuning. (b) End effector orientation at iteration 10. (c) End 
effector error at iteration 10. (d) Design criterion profile. 

 
Figure D.6: Tuning test with dynamic compensation for participant 1. (a) End effector 
orientation before tuning. (b) End effector orientation at iteration 10. (c) End effector 

error at iteration 10. (d) Design criterion profile. 
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Complete Results for Human Participant Testing on the Ankle Rehabilitation Robot

 
 

 
Figure D.7: Tuning test with dynamic compensation for participant 2. (a) End effector 
orientation before tuning. (b) End effector orientation at iteration 10. (c) End effector 

error at iteration 10. (d) Design criterion profile. 

 
Figure D.8: Tuning test with dynamic compensation for participant 3. (a) End effector 
orientation before tuning. (b) End effector orientation at iteration 10. (c) End effector 

error at iteration 10. (d) Design criterion profile. 
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Complete Results for Human Participant Testing on the Ankle Rehabilitation Robot

 
 

 
Figure D.9: Tuning test with dynamic compensation for participant 4. (a) End effector 
orientation before tuning. (b) End effector orientation at iteration 10. (c) End effector 

error at iteration 10. (d) Design criterion profile. 

 
Figure D.10: Tuning test with dynamic compensation for participant 5. (a) End effector 
orientation before tuning. (b) End effector orientation at iteration 10. (c) End effector 

error at iteration 10. (d) Design criterion profile. 
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Figure D.11: Comparison of controller parameter 𝑲𝑷 between passive and active tests 

for participant 1. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 

 
Figure D.12: Comparison of controller parameter 𝑲𝑷 between passive and active tests 

for participant 2. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 
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Complete Results for Human Participant Testing on the Ankle Rehabilitation Robot

 
 

 
Figure D.13: Comparison of controller parameter 𝑲𝑷 between passive and active tests 

for participant 3. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 

 
Figure D.14: Comparison of controller parameter 𝑲𝑷 between passive and active tests 

for participant 4. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 
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Complete Results for Human Participant Testing on the Ankle Rehabilitation Robot

 
 

 
Figure D.15: Comparison of controller parameter 𝑲𝑷 between passive and active tests 

for participant 5. (a) Actuator 1. (b) Actuator 2. (c) Actuator 3. (d) Actuator 4. 
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