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ABSTRACT 
 

Lower-limb exoskeletons are emerging as cutting-edge technology to enhance human 

mobility. Despite recent advances, yet major challenges in realizing effective control 

system to have synergistic cooperation between the user and the exoskeletons. It can be 

achieved by adapting the control parameters to the user. Human-In-The-Loop 

Optimization methods propose to automatically customize and optimize exoskeleton 

control parameters closing the loop on human performance, such as metabolic cost or 

muscle activity. However, optimization methods do not consider the user’s preference, 

that may capture a broader spectrum of factors associated to functional assistance. 

Considering user preference into exoskeleton control systems could increase functional 

benefits from exoskeletons use, user satisfaction, adoption, and acceptability of the 

technology. 

In this framework, the aim of this thesis was to investigate the users’ preferences in the 

tuning of the robotic assistance of a bilateral hip exoskeleton, an Active Pelvis Orthosis 

(APO), which provides hip flexion-extension assistance while walking. Specifically, the 

present thesis compares self-tuned assistance based on the user’s preference with a 

benchmark assistance tuned by an expert. Both types of assistance were modeled as 

phase-locked torque profiles shaped as sum of two Gaussian functions, one positive for 

hip flexion and one negative for hip extension. The benchmark assistance estimates the 

hip torque profile by amplifying the difference between the hip angular profile measured 

by hip encoders and the profile predicted by the adaptive oscillators. While the self-tuned 

assistance was blindly tuned by the participants, through a graphical user interface in 

which six knobs were associated with six control parameters. i.e., the amplitudes, the 

phase of the peaks, and the duration of the two Gaussian functions. Experiments were 

carried with a pool of subjects naïve to the device and the control system. Each subject 

self-tuned the assistance searching to maximize comfort, stability, and minimize 

perceived exertion while they are walking with the APO in assistive mode. To explore the 

biomechanical effects of the two types of assistance, electromyography, and 
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physiological cost index (PCI) were measured while participants walked on a treadmill 

with 6% of slope for 20 minutes at 1.25 m/s of speed with the APO with both the 

assistances and without the APO; while at the end of each walking task, participants were 

asked to attribute a value in the Borg scale.  Furthermore, to assess the effect of the 

assistance in terms of functional outcome, the self-selected speed preferred by subjects 

was measured. On average, the self-tuned assistances resulted different from the 

benchmark ones. Across participants average variations of PCI, self-selected speed and 

Borg scale score obtained with self-tuned assistance were respectively 11% higher, 8% 

smaller and 3% higher than those obtained with expert-tuned assistance. Experimental 

tests have shown that each subject prefers different robotic assistance, which deviates 

from a kinematically advantageous one, confirming the need for custom-made control. 

In this study, the benchmark assistance demonstrated to be more efficient than the self-

tuned one, which was considered by every subject more comfortable and stable at the 

beginning, but less effective in the long term. This study can therefore be regarded as a 

pilot work, which can open the way for further approaches of preference-based control 

strategies. 
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CHAPTER 1: INTRODUCTION 
 

1.1 WEARABLE ROBOTICS AS A SOLUTION 
 

Recent statistics from the United Nations on the world population ageing report that 

globally the number of persons aged 60 or above is expected to more than double by 

2050 and more than triple by 2100 [1]. Increased life expectancy brings an increase in 

diseases caused by old age. Elderly people lose some of their muscle and bone strength 

and mass [2]. The non-efficiency of the musculoskeletal system is a direct cause of the 

impediment for the elderly to perform certain tasks. Regarding the lower limb 

impediments, they typically change the gait pattern [3], walk more slowly, reduce joints 

range of motion [4] and have an higher risk of falling [5]. These impediments affect their 

independence and mental health [6]. These same impediments affect also those who 

have had a stroke, who have a spinal injury or have suffered a lower limb amputation [6]–

[8]. It is therefore necessary to meet their needs to give them the chance to live a normal 

life again. Over the last few decades is emerging the use of the wearable robotics, which 

has the aim of assist people and increase their physical abilities [1], [6]–[9]. According to 

design and needs, these devices can act on the whole body, on upper limb or lower limb 

[10]. In addition to rehabilitation and assistance for the elderly and pathological subjects, 

they are also widely used in the military and industry fields [7], [10], [11]. The importance 

of their use in the workplace is increasingly understood by employers. Workers often 

have muscle and bone pain caused by moving heavy loads or being in uncomfortable 

conditions for a long time. These pains forced the worker to absent from work and have 

a lower quality of life [11]. Using an exoskeleton, work tasks could be more sustainable 

for the human body due to the reduced weight of the loads and/or support in holding 

uncomfortable positions for a long time [6], [11]. Given the strong need for these devices 

in several application fields, many research groups are studying and developing 
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innovative hardware and software modules for exoskeletal systems [6]. The study 

presented in this thesis was fcused on a lower-limb exoskeleton for gait assistance.  
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1.2 LOWER-LIMB EXOSKELETON OVERVIEW 
 

Lower-Limb exoskeletons can be classified based on their application domains into 

healthcare, manufacturing and military domains [1]. They can be classified even 

according to the assisted joint [10], or the type of actuation system [12]. Active 

exoskeletons have motors which provide energy from a battery to the user, while passive 

ones store and release energy through spring and dampers. There are also hybrids 

between these two types, which are the semi-active exoskeletons [7], [12]. 

 

 

 1.2.1  APPLICATION FIELDS 

 

• Medical applications 

When a person loses musculoskeletal functionalities partially or totally, he/she need 

support to walk or climb stairs. Exoskeletons which provide this support are classified as 

medical. The macro-groups of patients who use this type of exoskeleton are paraplegics, 

amputees/disabled and who needs rehabilitation or compensation of lost functions [1]. 

Paraplegics are those who completely or partially lose the use of the sensory-motor 

system. In this case it is necessary a complete support for the mobilization and an 

example of exoskeleton used in this case is ReWalk [1]. Rehabilitation is done on those 

who have lost mobility of the legs due to any pathology or adverse medical condition, 

but can be regained after a period of training [1]. An exoskeleton used for this type of 

patients is the Lokomat, which applies a force on the joints to regain motor functions [1]. 

Amputees are patients who have lost a part of the limb and for this reason the applied 

exoskeletons must replace the functionality of the lost portion as far as possible [1]. The 

alterations that patients present, leads them to make non-physiological movements, 

making the development and use of medical exoskeletons more complex [13]. In this 
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case, it is of greater importance to ensure the stability of the patient in addition to 

providing the assistance needed to perform the task. To achieve this aim, it can be use a 

body weight support system or all the weight can be transferred to the ground [13].  

 

• Non-medical applications 

On the other hand, also healthy people can need assistance. The need can arise from the 

difficulty of the task, such as lift heavy loads and maintain an uncomfortable posture. 

Another reason can be the adverse environment, such irregular ground. For instance 

soldiers have to coexist with adverse environments, long distances to travel, heavy loads 

to carry and always remain in optimal conditions to be able to combat [1]. In order to 

create real support for soldiers, manufacturers have focused on exoskeletons that can 

reduce the load felt by soldiers by up to 100 kg and provide the devices with long-lasting 

batteries [1], [14]. To understand the interest in this sector, it is useful to know that the 

US Defence Advanced Research Projects Agency has allocated 75 million dollar for a 7 

years research project with the aim of develop an exoskeleton which augment human 

performances [14].  

In addition to the military field, exoskeletons can also have wide use in industrial 

environments [1], [12]. Those who do jobs that require great physical effort such as 

carrying heavy weights or staying in uncomfortable positions for a long time, risk having 

muscle and joint pain [1]. The use of exoskeletons allows workers to perform specific, 

often repetitive movements, avoiding fatigue and injury. The human-machine synergy 

results in high production efficiency while always respecting human physical limits [1]. 

Finally, the devices can be used as support for the elderly. Old people do not have 

disabilities, but are no longer able to perform certain actions, such as climbing stairs or 

walking long distances [1]. The loss of these features limits their daily life and affects 

mental health, so you need support for the recovery of these features [1], [6]. 
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 1.2.2  SINGLE- AND MULTI-JOINTS LOWER-

LIMB EXOSKELETONS 
 

• Hip Exoskeletons  

The human hip joint is an enarthrosis and thus allows three degrees of freedom. The hip 

can therefore perform flexion and extension, abduction/adduction movements and 

medial/lateral rotation [10]. These movements are necessary to walk, climb stairs and run 

[10]. Therefore, assisting the hip joint with an exoskeleton can support users in these 

tasks, reducing related muscular activity [15]. Using an exoskeleton that acts only on the 

hip, it is possible to compensate locally the joint using a lightweight device [1]. Several 

mechanisms have been designed for hip exoskeletons. Giovacchini et al. developed an 

hip orthosis based on Series-Elastic Actuator (SEA), which provides a torque for flexion-

extension [16]. While hip ball screw orthosis used by Baud et al., supports all three 

degrees of freedom [17], or for example, the Exosuit used straps linked to the user thighs 

which contract and expand on the leg during the stance phase [18]. 

 

• Knee Exoskeleton 

The knee is a complex joint that exhibits six degrees of freedom during dynamic activities, 

but most exoskeletons for this joint consider a single degree of freedom: flexion-

extension [10]. This type of exoskeletons is used when the role of the knee is predominant 

compared to other joints, as in the sit-to-stand task and vice versa [10]. Again, there are 

several mechanisms for the functioning of exoskeletons. Two examples are: (i) a soft 

inflatable cushion behind the knee of the user, as actuator [19]; (ii) actuated Bowden 

cables by DC motors [20]. There are also products that help in the task of the squat. 

Despite this is a task often done in jobs that require physical effort, these specific 

exoskeletons do not turn out to be numerous [10]. 
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• Ankle Exoskeletons 

The ankle joint provides the greatest torque during walking and has three degrees of 

freedom [10]. As in the knee joint, exoskeletons usually act only on flexion-extension 

because it is the main movement during the walking task [10], [21], [22]. On the other 

hand, there are still cases where two degrees of freedom have been implemented. An 

example is the exoskeleton used by Agrawal et al., which add eversion-inversion with the 

combination of an active and a passive joint [23]. Another device which adds eversion-

inversion is the one used by Carberry et al., which use a pneumatic actuation [23], [24]. 

 

• Multiple Joints Exoskeletons 

In addition to exoskeletons that act on a single joint, there are systems that support the 

user on several joints simultaneously. Joints must be contiguous, in fact, the possible 

combinations of joint groups are: hip and knee; knee and ankle; hip, knee and ankle [10].  

This type of exoskeletons is widely used when there is a need for general and non-

localized assistance for mobility. In fact, one case where there is a particular demand for 

this type of exoskeletons is with paraplegic patients. Some examples of exoskeletons that 

fall into this category are Ekso, ReWalk and Rex [1]. Are also widely used in the military 

field, as with BLEEX and Sarcos XOS-2 [1]. However, these exoskeletons have the defect 

of being much heavier than single-joint ones. They therefore need to provide more 

power to compensate for the weight [1].  
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1.3 ASSISTIVE STRATEGIES 
 

Exoskeletons dynamically assist the user while performing the desired motion task, by 

exhibiting a close cognitive and physical interaction with the human user. Infact, there is 

a continuous exchange of information and mechanical  power between the human and 

the robot. Therefore, a key part of the development and use of an exoskeleton is defining 

the assistive strategy. The aim is to create a strategy that is efficient and respects the 

naturalness of the task as much as possible [9]. Different types of methods have been 

used in the literature to achieve the desired assistance. If the primary objective is to 

increase the carrying capacity of the exoskeleton wearer, then a suitable strategy is the 

sensitivity amplification. It is based on an inverse dynamic model and a positive feedback 

loop, which detects and amplifies the force exerted by the user on the exoskeleton [25]. 

This type of strategy may be unstable if an unwanted external force is applied, since it 

also amplifies that [9]. In cases where there is no residual mobility in patients, it might be 

a good solution to deviate from a more adaptive approach and use predefined patterns. 

The paths remain constant throughout the task and the exoskeleton will force the patient 

to follow them [9]. If the objective is to obtain a proportional assistance to the muscular 

activity of the user to obtain a greater synergy between man and robot, it is possible to 

exploit in real-time the electromyographic signal to obtain a control for the exoskeleton 

[26]. However, this strategy has the disadvantage of requiring the application of the 

electrodes, which are an additional device to wear in addition to the exoskeleton. In 

addition, the strategy has a strict dependence on the signal obtained, which can be 

distorted by surface impurities and electrode movement [26]. It is possible to use the 

adaptive oscillators, which are mathematical tools which understand and synchronize to 

the quasi-periodic input signal [9], [16]. This type of strategy will be deepened later as it 

is used by the exoskeleton used in this thesis project. Finally, when a precise model 

cannot be determined, then a more flexible model can be created based on fuzzy 

algorithms [9]. All these strategies can be used synergistically through an hybrid 

approach [9]. The presence of all these strategies indicates that the best solution has not 

yet been found, so research is still very active in this field [9]. 
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1.4 EVALUATION METRICS 
 

To validate and verify the usefulness of an exoskeleton during the walking task, it is of 

great interest to understand what happens to the human body when it works together 

with the device. Often, to assess the effects of the exoskeletons, the wearers are placed 

in three conditions: No-Exo; exoskeleton in Transparent Mode; exoskeleton in Active 

Mode [27]. In the No-Exo condition, the user is asked to walk without wearing the 

exoskeleton. The reason for reproduce this condition, is to have a reference to evaluate 

the changes brought by the exoskeleton and to understand whether these changes are 

positive or negative [27]. The exoskeleton in Transparent Mode is needed to understand 

the effects of wearing the exoskeleton. In fact, the device is switched on, but it only 

cancels the output torque with the aim of simulating the absence of the exoskeleton 

itself. In this way, it can be assessed whether wearing the exoskeleton results in 

discomfort and unintended alterations [27]. Finally, the exoskeleton in Active Mode 

allows the device to be used for its intended purpose and to understand what effect its 

operation has on the user's physiological parameters [27]. The results obtained in this 

mode can be compared with the other two modalities just described, resulting in two 

different evaluations. In the case of comparison with the No-Exo condition, an evaluation 

of the effects of the entire exoskeleton in all its aspects is obtained.  

To be able to make the comparisons just described parameters that are indicative of 

human physiology are necessary. Among the most used parameters there are muscle 

activity and metabolic consumption. In addition, a parameter still little used in the 

literature, but very promising, is the variation in speed performance of the task.  
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 1.4.1  MUSCOLAR ACTIVITY 
 

Among the main parameters that are assessed to understand the effects of exoskeletons 

on the subject is muscle activity, that is recorded using electromyography (EMG). EMG 

provides a direct measure of the activity of an individual muscle or muscle group. This 

type of approach can be useful to understand how the device affects a particular muscle 

during the task [27]. With the detection of EMG, it is possible to evaluate directly whether 

a specific muscle has increased or decreased its activity while the exoskeleton is being 

worn and used. In this way it is possible to understand if the device is adequately 

performing its task depending on what the expected results are [27]. Analyses performed 

using the EMG signal can be in time or frequency domain. In the first case the linear 

envelope of the raw signal is obtained and from it are extracted the root mean square, 

the activation peak, and the integral. In the second case all the frequency components 

present within the raw signal are extracted, obtaining the power spectrum of the signal. 

The mean and median frequency of the signal are then calculated [27]. Regardless of 

what the purpose is, to obtain useful results or to operate the exoskeleton correctly, it is 

essential to choose the muscles that contribute mainly to the task. In addition, the 

instrumentation used for recording, i.e., the electrodes, must also be positioned correctly 

and treated according to precise rules. To perform all these tasks in the best possible 

way, most studies refer to the indications provided by the SENIAM [28]. The indications 

of SENIAM also refer to skin preparation. In particular, the subjects must be shaved and 

then the skin must be cleaned with alcohol [28]. However, this type of analysis has limits. 

In fact, the EMG signal can be distorted by the presence of noise and cross-talk [28]. The 

noise could arise from the movement of the electrode due to its incorrect fixation or due 

to the presence of the interface of the exoskeleton that hits the electrode. While cross-

talk is caused by detection of the activity of an unwanted muscle. This can be a 

consequence of incorrect electrode placement [28]. In addition, the interface of the 

exoskeleton can also make difficult the positioning of the electrode, as it hinders the 

optimal region for the detection of the desired muscle [29]. 
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 1.4.2  METABOLIC COST 

 

While muscular activity allows to focus on a limited region of the body, metabolic 

consumption allows to have an overview of what is happening to the subject [27]. In fact, 

the energy consumed by the user during the task is a value that depends on the entire 

musculoskeletal system, which influence the behaviour of the entire human body. Thus, 

metabolic consumption can be considered as an index of the overall effort expended by 

the subject to perform a particular task [27]. The most widely used method in the 

literature for measuring metabolic consumption is through the exchange of blood gases. 

It is possible to obtain the energy balance generated by respiration with a pulmonary gas 

measurement system. The energy balance is based on the quantities of oxygen, carbon 

dioxide and nitrogen exchanged [30], [31]. The device, after taking the subject's exhaled 

air, processes it and uses the Brockway equation to calculate the rate of energy 

production (ΔH): 

−∆𝐻𝐻 =  𝑐𝑐1 ∗ 𝑉𝑉𝑂𝑂2 +  𝑐𝑐2 ∗ 𝑉𝑉𝐶𝐶𝐶𝐶2 −  𝑐𝑐3 ∗ 𝑁𝑁 

where 𝑉𝑉𝑂𝑂2 is the oxygen uptake, 𝑉𝑉𝐶𝐶𝐶𝐶2 is the carbon dioxide production, N is the excreted 

nitrogen, and 𝑐𝑐1, 𝑐𝑐2, 𝑐𝑐3 are coefficients [30]. A less invasive method for measuring 

metabolic cost is the Physiological Cost Index (PCI). In this case, energy demand is 

measured indirectly, following the formula:  

𝑃𝑃𝑃𝑃𝑃𝑃 =  (𝐻𝐻𝐻𝐻𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊−𝐻𝐻𝐻𝐻𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵)
𝑣𝑣

  

where 𝐻𝐻𝐻𝐻𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 is the heart rate during the walking task, 𝐻𝐻𝐻𝐻𝐵𝐵𝐵𝐵𝑠𝑠𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 is the resting heart 

rate, and v is the walking velocity [32]. This alternative metric is also used to reduce the 

complexity of the devices worn by the subject [32]. 
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 1.4.3  VELOCITY 

 

A very useful parameter for understanding how the assistance of the exoskeleton is 

affecting the subject is the speed at which the task is performed [27]. An increase in 

walking speed in rehabilitations for post stroke patients eases the recovery of a normal 

walking pattern [33]. An example of this type of evaluation is that made by Martinez et 

al., who saw that with the use of an active knee prosthesis, walking speed increased by 

17% (from 1.12 m/s to 1.31 m/s) [34]. To understand that this change does not lead to 

greater stress for the subjects, the change in metabolic consumption was also evaluated. 

As result, there was a 6.8% reduction in metabolic consumption which corresponds to a 

decrease in the user's fatigue in performing the task [34]. 
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1.5 HUMAN-IN-THE-LOOP OPTIMIZATION 

 

In studies done with active exoskeletons, a wide inter-subject variability was noted. 

Indeed, there is the possibility that assistance which is very efficient for one subject may 

be uncomfortable for another subject or even worsen his or her condition [35]. Assistance 

must therefore be customized to the individual user of the device. This kind of 

customization is done by clinicians or technical experts, generating a strong dependence 

of the robot's operation on these professionals [36]. To overcome this dependency, 

Human-In-The-Loop Optimization (HILO) is increasingly being used in recent years [35], 

[36]. The HILO is an automatic method, which is able to optimize the assistance, 

customizing it to the user in real-time [35], [37], [38]. In particular, while the subject 

performs a continuous activity, such as walking on a treadmill, the algorithm aims to 

minimize or maximize a pre-defined cost function by iteratively modifying the assistive 

profile [39]–[41]. To be able to accomplish this complex and important task, the HILO 

places humans within the loop. The main components of the HILO are thus the human, 

the optimization algorithm, and the cost function. Firstly, the human component resides 

in the physiological signal measured in real-time from the user and fed to the algorithm, 

after an initial assistance is provided through the exoskeleton. The assistance is then 

updated based on new values of the recorded physiological signal. In this way, the new 

assistance is expected to be more suitable for the user needs [38], [42]. Secondly, the 

optimization algorithm is a mathematical tool that aims to find the optimum of a given 

function. In the literature, there are many algorithms using different processes and with 

different specific utilities. Focusing on literature about HILO, it can be found a great use 

of three optimization algorithms: Gradient Descent; Bayesian Optimization; Covariance 

Matrix Adaptation Evolution Strategy (CMA-ES) [35]–[38], [40]–[44]. Lastly, the other 

important component of the HILO is the cost function, which consists of a function 

initially determined whose minimum or maximum is sought. The two most commonly 

used cost functions in the literature are metabolic consumption and muscle activity, 

which are minimized [35]–[38], [40], [42]–[45].  
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 1.5.1  OPTIMIZATION ALGORITM-BASED 

METHOD 

 

The studies in the literature which use the HILO can be classified according to both the 

type of optimization algorithm they use (Table 1) and the chosen cost function (Table 2).  

 

 

 

 

ALGORITM LITERATURE TIME AVERAGE 
GRADIENT 
DESCENT 

Kim et al., PLOS, 2017; Koller et al., RSS, 
2016 

21-50 min 

BAYESIAN 
OPTIMIZATION 

Kim et al., PLOS, 2017; Ding et al., 
Science Robotics, 2018; Fang et al., RAS, 
2020 

12-21 min 

CMA-ES Han et al., NSRE, 2021; Zhang et al., 
Science Robotics, 2017; Haufe et al., 
AME, 2020; Witte et al., Science 
Robotics, 2020; Song et al., NSRE, 2021 

24-72 min 

EURISTIC Jackson et al., NSRE, 2019 30 min 

Table 1: classification of the literature based on the optimization algorithm used 

 

FUNCTION LITERATURE TIME AVERAGE 
METABOLIC 
COST 

Kim et al., PLOS, 2017; Koller et al., RSS, 
2016; Zhang et al., Science Robotics, 
2017; Ding et al., Science Robotics, 
2018; Fang et al., RAS, 2020; Haufe et 
al., AME, 2020; Witte et al., Science 
Robotics, 2020 

12-64 min 

EMG Han et al., NSRE, 2021; Jackson et al., 
NSRE, 2019 

24-30 min 

24-30VELOCITY Song et al., NSRE, 2021 72 min 
Table 2: classification of the literature based on the cost function used 
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As can be seen in Table 1 and Table 2, the times required for these approaches to reach 

the optimum were very variable and could also reach very high values. Between the 

optimization algorithms listed, the Gradient Descent is the most basic of the three. Its 

operation is based on scanning the landscape of possible states, following the values of 

the gradient and aiming to find the maximum or minimum of the function of states [40]. 

Kim et al. used this algorithm to find the optimal step frequency to reduce metabolic 

consumption. The process required 7 iterations, with a total duration of 21 minutes [35]. 

Also, Koller et al. used this approach for the optimization and reach the optimum in 50 

minutes, obtaining a metabolic cost reduction of 19.6±3.2% [40]. Therefore, although it 

allowed the goal to be achieved, the time required by this algorithm was very long. On 

the other hand, it has the advantage of being an algorithm that is not very sensitive to 

changes in metabolic consumption over time, which are normally present during any task 

[35], [40]. In the Bayesian Optimization is used a process equivalent to the Gaussian one 

in the optimization process of the function, and what is acquired is used to determine 

the next point to evaluate [43]. Kim et al., in the same study mentioned above, used this 

method to make a comparison between the two algorithms. Using Bayesian 

Optimization, the optimum was achieved in 12 minutes, which resulted in lower absolute 

energy consumption [35]. For Ding et al. the optimum was achieved in 21.4±1 minutes 

with a reduction of 17.4±3.2% of the metabolic cost [37]. The results obtained were 

therefore on average better than those of gradient descent, both in terms of time and 

performance. The limitation of this algorithm is that it takes into account the entire 

history of the data, thus being sensitive to the variability of the cost function [35], [37]. 

The CMA-ES is stochastic and derivative-free. It is useful for non-linear and non-convex 

continuous problems [38]. Han et al. used this algorithm to find the optimal assistance, 

but, unlike the studies mentioned so far, they used muscle activity as a cost function [38]. 

A model of a subject's muscle activity during different types of tasks was created and 

used as function for the use of the CMA-ES during validation with other subjects [38]. 

The decision to use muscle activity instead of metabolic consumption was because the 

algorithm seems to take less time on average to reach the optimum. In this case, the time 

required was 24 minutes [38]. Instead, Zhang et al. decided to stick to the more 

established use of metabolic cost to obtain a cost function for the CMA-ES. This meant a 

time requirement of 64 minutes. Despite the slowness of the process, effectiveness was 
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ensured, as there was a 24.2±7.4% reduction in metabolic cost [42]. Although the most 

widely used approaches in the literature are based on the algorithms and cost functions 

just described, there are studies that can be considered outliers. Jackson et al. have 

developed an algorithm based on three heuristics: muscle activity that acts cooperatively 

with the exoskeleton indicates the user wants more torque; muscle activity that acts 

antagonistically to the exoskeleton indicates the user wants less torque; torque should 

stop increasing if the user is not adapting [45]. It could be scaled to multi joints, and it 

could realize any torque pattern, but it was actually device-specific, therefore needed to 

be improved, e.g., by adding kinematics-based control [45]. HILO can be used not only 

to minimize the cost function, but also to maximize it. Song et al. used CMA-ES to 

maximize the walking speed wearing a bilateral ankle exoskeleton [41]. The results 

showed that focusing on one parameter could worsen the performance of another 

parameter. Therefore, several parameters needed to be taken into account 

simultaneously in order to obtain comprehensive assistance [41]. 

 

• Limits 

Human-In-The-Loop Optimization has great potential for finding customized assistance 

for individual users and achieving excellent results in terms of reducing subject fatigue. 

On the other hand, HILO presents problems often related to the mathematical nature of 

its operation. In fact, two major problems are related to the search for the 

minimum/maximum by the optimization algorithm. Users are forced to perform the task 

with sub-optimal assistances, while the algorithm tries to reach the optimum. This 

condition can be uncomfortable, tiring and even painful, thus representing a major 

limitation [45]. Moreover, the optimization algorithms may never reach the optimum, as 

they may get stuck in a local minimum, forcing the experimenters and the participants, 

to have to start the task all over again [42]. In view of a future use of this system, in 

hospitals, rehabilitation centres or workplaces, these represent great obstacles. With a 

view to circumventing these mathematical obstacles, Ingraham et al. tried to centralize 

the operation of the HILO on the subject himself, entrusting the process of search of the 

optimal and definition of the assistance to him/her [39]. 
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 1.5.2  CENTERED ON USER PREFERENCE 
 

To meet the need to customize the assistance provided by the exoskeleton for each user, 

the Human-In-The-Loop Optimization system was developed. With it, it is possible to 

obtain assistance that reduces the fatigue of the subjects by finding the 

minimum/maximum of cost function. This type of system, despite its potential, turns out 

to have mathematical obstacles. In fact, the search for the optimum can be very time 

consuming and even risks not reaching the end because the algorithm gets stuck in a 

local minimum. To avoid these problems, Ingraham et al. come up with the idea of 

moving the operation of the HILO from the optimization algorithm and the cost function 

to humans preferences and in this section their study will be deepened [39]. What was 

noted, was that the operation of the HILO as present in the state of the art, is strongly 

unidirectional. In fact, the algorithm can detect what is happening to the subject during 

the task and then respond accordingly, but the subject is not able to understand what 

the exoskeleton is doing. Some studies have shown how a bidirectional interaction leads 

to greater satisfaction in the use of the robot by the user and greater acceptance in the 

use of this type of device [46]–[49]. It was therefore decided to allow the subject 

him/herself to self-tune the assistance, based on subjective factors, which are very 

difficult to parameterise and model. The user adjusted his/her own assistance, basing on 

stability, comfort, symmetry, perceived pain, etc. Evaluating all these parameters would 

take for an expert technician a very long time and would not guarantee the achievement 

of optimal assistance, as they are difficult, if not impossible, to measure. Whereas this 

same process is done by the subject, it will be much more efficient and effective, because 

it is the subject himself who decides how to change the assistance and whether it was a 

functional choice or not.  

In order to understand whether this type of strategy could be valid, Ingraham et al. 

decided to carry out a study that could demonstrate that a subject is able to repeat the 

choice made of the assistance parameters, thus confirming the repeatability of the 

process. A cohort of 12 naïve subjects and 12 subjects with previous knowledge were 

recruited. Subjects were asked to wear a bilateral ankle exoskeleton. Naïve subjects 

walked in three different conditions of speed, while the cohort of subjects with previous 
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knowledge walked in one speed condition. During the walk the subjects had the task of 

self-tuning the assistance using the tablet on the treadmill. On the screen of the tablet 

there was a white grid, which the participant had to tap to select a point. Each point 

selected by the subject corresponded to a pair of coordinates relating to peak torque 

magnitude and peak torque timing, while rise and fall times were made fixed. Selectable 

points in the grid fell within limited ranges of both amplitude and phase. All these aspects 

of the described grid were totally blind to the subjects. The participants were also blind 

to the distribution of the axes. The decision to totally blind the subjects to these 

parameters was dictated by the desire of the experimenters to make the self-tuning 

process as linked as possible solely and exclusively to the perceptions of the user, without 

any influence from cognitive bias. Preference, accuracy, and exploration strategy 

outcome were taken. The magnitude mean standard deviation within-participant and 

between-participant were 1.7 Nm and 3.7 Nm, respectively. While for timing, were 1.5% 

of the gait cycle for both within and between-participant standard deviation. Height and 

weight of the subjects did not have correlation with the choice of timing and magnitude. 

The average time required for self-tuning was 104.9 seconds. As the block trials 

progressed, there was an increase in the peak torque magnitude value and an 

improvement in the efficiency of the preferred assistance search in naïve subjects. While 

the increase in speed generated a slight increase in peak torque magnitude and a 

significant reduction in the standard deviation of both magnitude and timing. Regarding 

the subjects with previous experience, the only difference to the naïve subjects was that 

their choice fell on magnitude values averaging 3.8 Nm higher. The results of the 

experiment confirm what is present in the literature regarding the need to customize 

assistances. This is because each subject in the experiment chose a different assistance. 

Furthermore, one of the first things that can be noted is that the assistance chosen by 

the various participants does not describe a physiological profile. According to Ingraham 

et al. this result shows that the processes that determine each user's preference are much 

more complex than simply reproducing human biomechanics. Despite the significant 

variability between subjects, the within variability was very low. According to the study it 

shows a great accuracy in the choice of preference despite the limitations given by the 

interface, such as the resolution and the inaccuracy in selecting the precise point because 

the subject was walking. The high accuracy in choosing the same assistance across trials 
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according to the experimenters may be related to an internalization by the participants 

of how they would like the assistance to be provided. This can also be noted by the fact 

that the recognition of the preferred assistance had very low times compared to the more 

traditional HILO methods. The difference in peak torque magnitude selection between 

naïve and experienced participants according to Ingraham et al. could be a consequence 

of the knowledge that experienced subjects have benefits in using exoskeletons. It could 

be a demonstration that educating participants about the benefits of wearable robotics, 

may influence the final choice. Considering these results, it can be said that the study 

demonstrated that people are able to recognize their preference quickly and accurately. 

According to the experimenters this could open the way for a new use of exoskeleton 

controls, which will allow users themselves to decide the parameters of assistance using, 

for example, their smartphones. On the other hand, the study cannot be perfectly 

representative of possible daily use, for example because speeds were imposed and 

made constant and self-selected velocity was not allowed.  
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1.6 MOTIVATION AND OBJECTIVES 

 

In the literature, different methods were implemented for the tuning of the exoskeleton 

assistance and different study highlighted the need to customize the assistance for each 

subject. HILO is an excellent option to obtain personalized assistance depending on the 

user physiological response, but the transitory time required to reach the optimized 

customized assistance and the mathematical obstacles due to the optimization algorithm 

used are still limits [42], [45]. Concurrently, the possibility of Self-tuning the assistance, 

investigated by Ingraham et al. [39], overcome the time limitation of the HILO. However, 

the beneficial physiological effects of this approach have not been assessed yet. 

Moreover, the repeatability in the subjects' choice obtained in [39], might not be 

confirmed with a greater number of possible tuning combinations and a more complex 

assistive profile.  

This thesis work aimed at assessing the feasibility of allowing the subjects to self-tune 

the six assistive parameters required to define the assistance using a bilateral hip 

exoskeleton that supports the wearer’s hip flexion/extension while walking. Together 

with assessing the feasibility of the Self-tuning, it was performed a comparison of the 

Self-tuning based on personal perceptions with a Benchmark assistance obtained by an 

expert based on kinematic data. The comparison aimed at verifying the time required for 

each strategy to be tuned, to understand the feasibility of practical use, and to assess the 

differences in the choice of the parameter.  

As second objective, the thesis work aimed at validating the Self-tuning assistance in 

terms of physiological effects. To this end, the change in muscle activity, PCI and walking 

speed was assessed by comparing NoExo walking condition with the Self-tuned and the 

Benchmark assistance. Since the perceived exertion was a fundamental aspect used by 

subjects to Self-tune the assistance, it was additionally compared the degree of perceived 

exertion blindly assessed by the study participants after walking tasks.  
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CHAPTER 2: MATERIALS AND 

METHODS 
 

2.1 EXPERIMENTAL SET-UP 
 

 2.1.1  ACTIVE PELVIS ORTHOSIS 
 

The Active Pelvis Orthosis (APO) is a bilateral hip exoskeleton conceived to assist the user 

when walking on level ground, up/down hill or when ascending and descending stairs. 

As these tasks are quite versatile, it can be used for both medical and non-medical 

applications. The APO device used in this thesis is based on the same mechatronic 

architecture as the prototype  introduced by Giovacchini et al. in 2015 [16] with 

improvements in terms of portability and weight reductions. The APO was initially 

designed in the Wearable Robotics Lab and then licensed to IUVO S.r.l. 

[https://www.iuvo.company/]. The device assists the user during locomotion, actively 

modulating the hip flexion-extension. The APO is an active device with two actuation 

unit, one for each side, which actively modulate the assistive torque to be delivered to 

the hip In addition to the active degree of freedom for flexion-extension movement, the 

system has a passive degree of freedom for the abd/adduction movement, allowing the 

user to move out of the sagittal plane. The APO is built around a frame which covers the 

hips and posterior pelvis of the user and interfaces with the trunk via a custom orthotic 

cuff. Specifically, the structure is realized with two carbon-fibre lateral arms, connected 

through a rear straight bar, which can be adjusted to fit the user's anthropometry. For 

each side, there are also two carbon fibre links, which connect the previously described 

structure and the thigh shells. These shells have to be tightened around the user’s thighs, 

to transmit the assistive torque. They are adjustable in size, to maximize the fit and reduce 
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various problems related to relative human-robot movement. To have an appropriate 

and functional wearability of the device, the rotation axes of the robot must be aligned 

with the physiological rotation axes of the hip. In addition to the components just 

described, the APO consists of further software and hardware parts, which require a 

separate description due to their importance and complexity.  

 

• Series Elastic Actuator 

The APO is equipped with two actuators, one for each limb [16]. Over the years, it has 

become a rule that a good actuator must be very stiff, because it has larger bandwidth 

force control and accurate position control [50]. This type of actuator, however, when 

used in devices that act on humans, requires very precise sensors because there is a risk 

of generating damage, especially in non-structured environment [50]. In these cases, it 

was decided to adopt a system more similar to human physiology. In fact, it started to 

use the Pratt and Williamson model. It increases the stability of force control at the 

expense of bandwidth and stiffness [51]. In this model, a torsion spring is inserted 

between the power source and the load. Thanks to this new component, many security 

problems are solved. In particular, the spring allows to reduce output impedance, to rise 

the tolerance to impact loads, to increase peak power output and mechanical energy 

storage [16], [50]. In addition, in the APO each actuation unit is deployed on two parallel 

axes [16]. On one axis there are the DC motor with embedded incremental encoder and 

the Harmonic Drive. On the other axis there are the torsional spring and the absolute 

encoder. The two axes are linked by a 4-bar transmission mechanism. The choice of using 

this parallel structure is related to a need to reduce the lateral encumbrance of the APO 

for not hindering the user’s arms swing during walking. Thanks to the use of the two 

parallel axes, it is possible to obtain a perfectly functioning SEA, but with a smaller 

footprint [16]. The SEA plays a fundamental role in low-level control, which acts directly 

on the value of the supplied torque based on the measured and desired torque [16].   
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• Control System 

As already mentioned, the APO is able to assist the user at various stages of walking and 

with different types of walking. To do this, it needs a control system that can recognise 

these differences and act accordingly.  

The control system is based on a hierarchical structure composed of three levels: high-

level, mid-level and low-level, schematically represented in Figure 1.  

 

 

At the top of this hierarchical structure, there is the high-level control, which has to detect 

the user intention of locomotion [8]. At this level, the algorithm is able to distinguish 

whether the subject is walking on the ground level, uphill or downhill, or is ascending or 

descending stairs. The mid-level control layer aims at updating the user’s state in terms 

of gait cycle. Through a continuous gait phase estimator, the gait cycle is predicted in 

terms of percentage [52]. To do that, the algorithm detects the user's heel strike and uses 

 

Figure 1: Hierarchical structure of the control system 
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it as the event for the start of the cycle [53]. With the use of this method, it is possible to 

avoid the use of additional expensive and space-consuming instrumentation [53]. In 

addition to the gait phase estimation, the mid-level control computes the desired torque 

profile based on the intention detection mode identified by the high-level control. Then 

it will provide by the low level [8], [52]. The different techniques used for this level are 

described in section 1.3 (page 15). 

At the last level, there is the low-level control, which is responsible for the closed-loop 

torque. The control initially measures the error between the desired and actual torque, 

to calculate the actual torque to be delivered to reduce this error [8]. The measured 

torque is obtained via Hook's law for a torsion spring, by measuring the angle of rotation 

of the spring through the two encoders in the SEA. Knowing the value of the spring's 

elastic constant, given by the manufacturer, it is possible to obtain the current torque 

using Hook's law [16]. Once the measured torque value is obtained, the difference with 

the desired torque is calculated and power is supplied to the motor in proportion to this 

difference to generate the assistive torque [16].  

 

• Adaptive Oscillators 

To continuously estimate the user’s gait phase, the APO mid-level control uses adaptive 

oscillators. They are a set of non-linear differential equations with the capacity to 

synchronize with an input quasi-periodic signal when coupled with a kernel-based non-

linear filter [16]. Synchronization with the signal is not done by constantly tracking the 

current value of the signal itself, but by learning the frequency and the envelope of the 

input signal [16]. Thanks to this tool, the APO control system learns the quasi-periodic 

behaviour of each hip joint angle and predicts the future joint angle versus the gait phase 

in percentage of the stride [16]. Therefore, for each current gait phase 𝜑𝜑 the adaptive 

oscillators estimate the current hip joint angle 𝜃𝜃𝑗𝑗(𝜑𝜑) and its future value 𝜃𝜃𝑗𝑗(𝜑𝜑 + ∆𝜑𝜑).  
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• Assistive Strategies 

The desired torque profile can be computed using different assistive strategies, which 

are based on previously established parameters and rules in the middle layer. For this 

thesis, the so-called Virtual Stiffness and Feed-Forward assistive strategies were used. 

The Virtual Stiffness is a strategy characterised by the choice of the value of a virtual 

elastic constant and the use of Hook's law to obtain the torque provided. Specifically, the 

difference between the predicted hip joint angle obtained with adaptive oscillators and 

the actual angle is calculated and then multiplied by the virtual elastic constant. It is 

therefore used the following formula 𝜏𝜏𝑑𝑑𝑑𝑑𝑑𝑑 = 𝐾𝐾𝑣𝑣 ∗ [𝜃𝜃𝑗𝑗(𝜑𝜑 + ∆𝜑𝜑) − 𝜃𝜃𝑗𝑗(𝜑𝜑)], where 𝐾𝐾𝑣𝑣 is a 

virtual elastic constant [16]. The subject is attracted by the virtual spring to the future 

position of the hip joint. The attraction, however, is not binding on the user, as the user 

is free to change the gait pattern at any time [16]. This method can be defined as model-

free algorithm, because it does not require any a priori knowledge about the gait 

dynamics [9], [16].  So, the only two parameters to be defined before using it are the 

elastic constant and the phase delay. This makes the strategy very simple and fast to 

implement, but it is highly dependent on the accuracy and repeatability of the hip angular 

profiles [54]. On the other hand, with the Feed-Forward strategy the profile of the 

assistive torque is defined by the sum of two symmetrical Gaussians, one for hip flexion 

(positive values) and the other for hip extension (negative values). Each Gaussian curve 

is described by the following three parameters: (i) peak amplitude, (ii) peak phase and 

(iii) width [54]. The Peak amplitude is the value in Nm of the maximum peak reached by 

the Gaussian profile of the assistive torque. This value is positive if it refers to the flexion, 

while it is negative if it refers to the extension. In this second case this value is the 

minimum of the Gaussian profile. The peak phase is the percentage value of the gait 

cycle referred to the moment when there is the maximum or minimum peak of the 

assistive torque. Finally, the width is the parameter that indicates in which period the 

Gaussian develops. Half of the selected period indicates the time required for the 

Gaussian to start at zero and reach its peak and vice versa. Also in this case the period is 

indicated in percentage of the gait cycle [54]. These assistive parameters can be the same 

for both legs, or different. The difference between the two legs profiles would not be 

appropriate in the case of a healthy subject, given the symmetry of the limbs [54].  
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 2.1.2  SENSORS 
 

For measuring the surface muscle activity, eight FREEEMG probes, developed by BTS 

Bioengineering Corp. (1354 Hancock Street, Suite 311, Quincy, MA 02169 USA) were 

used. These sensors weigh 13 g and have the IEEE 802.15.4 wireless communication. They 

use a sampling frequency of 1kHz and have a 16-bit resolution. They are equipped with 

a 6-hour battery life and an internal memory to face the temporary loss of connection. 

These features make them versatile and reliable sensors. They connect directly to the 

pre-gelled electrodes, allowing rapid set-up. The sensors communicate with the 

associated PC via a USB receiver. 

For motion capture, SMART DX cameras were used. These cameras detect the movement 

of reflective markers placed on the subject following the Davis protocol [55]. They are 

equipped with infrared illuminators to ensure performance in many types of 

environments. Their accuracy is less than 100 microns. They also have native integration 

with the muscle activity detection system, previously described.  

To assess the PCI of the subjects, the heart rate was measured with Polar H10 heart rate 

sensor. It is very light (60 g including a wristband) and unobtrusive because it is small 

and adherent to the user’s torso.  
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 2.1.3  GRAPHICAL USER INTERFACE 
 

To allow subjects to decide the parameters of the assistance that the exoskeleton 

provided them, a graphical user interface (GUI) was created using LabView software from 

National Instruments, 11500 North Mopac Expwy, Austin, TX 78759. The parameters 

selected are those required to construct a torque profile using the Feed-Forward strategy. 

It is therefore possible to select the peak amplitude value, peak phase, and width. So, six 

values can be varied, three for flexion and three for extension torque. The same assistive 

profile was delivered to both legs, given the symmetry between the two limbs in healthy 

subjects. In the GUI, each assistive parameter is associated with a knob, which increases 

the parameter value when turned clockwise, and decreases it when turned counter 

clockwise. Initially, the GUI used by the subject was like the one showed in Figure 2. This 

type of interface has no limitations repressented graphically and in the rotation of the 

knobs. These could turn infinitely. When the parameter value reaches its limit no longer 

varies, but the knob can continue to turn. The operation of each knob is governed by the 

subVI shown in the Figure 3. The value of the increment is equal to the rotation step of 

the knob. A change in the value of the knob, greater than the increment, corresponds to 

an increase in the parameter value equal to the value of the increment. The same 

reasoning is reflected in the negative variation, with corresponding decrease in 

parameter value. However, this type of interface was replaced, as during pilot test it was 

realised that the subject could not orient him/herself and easily found him/herself in 

conditions from which he/she could not perceive the changes made. Therefore, it was 

deemed necessary to use an interface that makes the tuning limits understood 

graphically. The new version of the GUI is shown in Figure 5. In this case, the knobs can 

rotate between a minimum and a maximum angle. The portion in which the knobs can 

be rotated is indicated by the presence of ticks. These angle limits correspond to the 

limits of the tuning parameters, which are: [2-10] Nm for the amplitude torque; [0-100] 

% of gait cycle for peak phase; [20-60] % of gait cycle for width of the gaussian function. 

As can be seen in the figure, all the knobs lack a reference name indicating which variable 

they refer to, and the current value of the parameter is also absent. This design was 

conceived to allow subjects to blindly select assistive parameters, as in the work done by 
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Ingraham et al. [39]. To minimize the cognitive bias that each subject might have, the 

value of each parameter is initialized randomly for each subject. The initialization remains 

however limited in specific ranges. The amplitude of the peak is randomized between 2 

and 3 Nm for both flexion and extension, to introduce initial variability, but maintaining 

subject safety by providing little torque. As for the phase of the peak the limits of 

randomization were imposed to respect human physiology. Thus, as far as extension is 

concerned, the peak phase is initialized with a random value between 0 and 60% of the 

gait cycle. While the peak phase of flexion is initialized between 60 and 100% of the gait 

cycle  [56], [57]. For width, a hybrid reasoning was made between safety and physiology. 

The minimum value of the width initialization range, both in flexion and extension, is 20% 

of the gait cycle. This decision was made to avoid creating a pulse-like assistive profile, 

which could be harmful for the subject. For the maximum value physiology was 

considered. For flexion the maximum value is 40% of the gait cycle, while for extension it 

is 60% of the gait cycle [56], [57]. Initialization is applied via the LabView code shown in 

the Figure 4. The code generates a random number from 0 to 1 for each parameter, which 

are then modified with linear relationships so that they fall within the limits listed above. 

Finally, all values are rounded to the integer. When the subject performs an action on the 

interface, an input is generated for the LabView architecture that goes by the name of 

Queued Message Handler. With this architecture, the event is translated into a message 

that will be placed at the end of a First In, First Out (FIFO). The FIFO is a queue of stacked 

messages, which are gradually read by the Message Handling Loop. This performs the 

algorithm corresponding to the received message and generates an output. The output 

created by this architecture was then sent to the exoskeleton, so that the parameters of 

the assistance provided by the robot could be varied in real-time. Communication 

between the two takes place with a host-target relationship, where the interface is the 

host, and the exoskeleton is the target. 
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Figure 2: First Graphical User Interface used during the pilot experiments. 

 

 

  Figure 3: Knob subVI block diagram. 
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    Figure 5: Final Graphical User Interface used during the experimental study. 

 

Figure 4: LabView code for the initialization of each parameter value 
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 2.1.4  QUESTIONNAIRE 
 

To numerically quantify the exertion perceived by the subject during the walking tasks of 

the protocol, the Borg Rating of Perceived Exertion scale (Borg-RPE scale) was used [58]. 

With this scale, a number from 1 to 10 can be associated with perceived exertion, giving 

an objective value to a subjective feature [58]. This scale includes factors such as 

increased heart rate, increased breathing, increased sweating, and muscle fatigue. Does 

not take into account any factors like leg pain or shortness of breath [58] 
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2.2 METHODS 
 

 2.2.1  EXPERIMENTAL PROTOCOL 
 

To compare the two assistances, a group of 5 people was recruited (2 males and 3 

females; age 25.8 ± 1.3 years; height 172.2 ± 8.2 cm; weight 67.0 ± 17.3 kg). All the 

subjects are naïve to the device and the control system, to prevent any choice made 

during the experiment from being influenced by previous knowledge. When the subject 

arrived, s/he was asked to dress in tight sports shorts and a t-shirt. The request was 

justified by not wanting relative movements of the clothes against the subject's body, to 

avoid motion capture sensor errors. Once ready, it was explained to the subject that the 

protocol would be divided into 3 sections. The first section was called 'Self- and 

Benchmark-Tuning', during which the two types of assistance were tuned. The second 

section was called “Assistance familiarizations + EMG and Metabolic Cost evaluations” 

and was devoted to compare the two assistances through muscle activity and metabolic 

cost. The last section was called "Walking Velocity" and was aimed to understand the 

effects of the two assistances on walking self-selected speed. In all tasks of the protocol, 

the treadmill was set at 6% slope. This is because on the uphill slope, the contribution of 

the hip joint is greater and consequently the efficiency of the APO is more evident [54]. 
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• Section 1: Self- and Benchmark-Tuning 

Before starting with the tuning phase, the subject was asked to select the self-selected 

speed at which s/he felt comfortable and would walk for an extended time. The choice 

was made in a blind manner. An initial random speed between 0.7 and 0.8 m/s was 

selected by one of the experimenters and then the treadmill display showing the current 

speed was covered. This speed was obtained with the Matlab code: 

𝑎𝑎 = 0.7;𝑏𝑏 = 0.8; 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(��(𝑏𝑏 − 𝑎𝑎).∗ 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(1,1) + 𝑎𝑎� ∗ 3.6� , 1) 

With this code, the speed generated in m/s is automatically converted to km/h, as this is 

the unit of measurement on which the treadmill is based. Afterwards, the subject changed 

the speed according to his/her comfort, without seeing the current speed value. After 

this preliminary phase, the subject was made to wear the exoskeleton and the tuning 

process begins. Initially, the subject was asked to familiarize him/herself with the 

graphical user interface with which he/she will later have to self-tune the assistance. The 

familiarization takes place at a walking speed of 1.25 m/s. The chosen velocity had to be 

higher than 1 m/s because it involves a larger range of motion and this could increase 

the benefits brought by the exoskeleton [54]. So that it was selected this speed which 

used also in other studies on walking task [45], [59]. This speed is used from now on, until 

the end of section 2. Before starting, one of the experimenters read the instructions to 

better guide the subject through the familiarization phase, without creating bias. The 

indications given are: 

“You will be walking in uncomfortable and energy-intensive conditions. The exoskeleton 

is intended to assist you in walking, supporting flexion and extension of the hip joint. 

Your goal is to find your preferred assistance, searching for it by varying the tuning 

parameters with the graphic interface. Each knob corresponds to a single assistive 

parameter, but you will not know which parameter is assigned to each knob. 

Furthermore, you will never know what value you are attributing to each parameter. 

Everything will be based solely on personal perception, such as comfort, stability, or 

perceived exertion. For now, explore the interface as much as you can, and try to 

understand its potential, so that you know how to move later in the search for your 

preferred assistance. Initially explore only the top row. When you think you are satisfied, 
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we will let you explore the second row. You can continue your familiarization as long as 

you like. When you think that's enough, just say "I'm done" and the task will end” 

As can be understood from the indications, the familiarization phase is divided into two 

steps. Initially, the subject explores all the potentiality of the first line of the interface. 

Next, the changes made are overridden by one of the experimenters and then the 

familiarization of the second line is continued. This subdivision was decided to allow the 

subject to understand which are the isolated effects of flexion and extension assistance 

since they are attributed to the first and second rows respectively. However, the subject 

is also blind to this correlation, so it is his/her task to understand it during the 

familiarization phase. In both sub-phases, the initialization of the parameters was done 

as seen in the paragraph 2.1.3, but isolating first only flexion and then only extension. 

When the subject has declared that he or she understood how the interface worked and 

its potentiality, the experiment has moved on to the actual self-tuning phase. In this task, 

the subject was asked to tune the assistance based only on his/her perceptions, using all 

the knobs of the interface. The tuning was based on comfort, stability, and perceived 

effort. Again, guidelines were given to the subject to reach the goal:  

“Now that you are familiar with the interface, you have to search for your preferred 

assistance, following comfort, stability or perceived exertion. When you find your 

preferred assistance, you only have to say, "I found the preference" and the task will 

continue for another 30 seconds to have a steady state and then it will be interrupted” 

As in familiarization, the subject had no time limit in the search for preference. Was asked 

to walk for another 30 seconds after finding the preference, to obtain a stationary 

condition representative of the final choice. The last task in this section was benchmark 

tuning made by an expert. The subject had to walk in the same conditions as before, 

while the expert proceeded with the tuning process. Benchmark tuning was based on the 

kinematics of walking. Initially, an assistance profile was obtained using the Virtual-

Stiffness technique, which precisely respected the actual kinematics of the user. 

Subsequently, the newly obtained profile was modelled with Feed-Forward into a profile 

given by the sum of two symmetrical Gaussians. The flexion and extension amplitudes 

were equal to 10% of the body mass. Again, the subject was asked to walk for a further 
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30 seconds after the expert had found the right assistance, to achieve a final stationary 

condition. Between all the listed tasks, there was a 2-minute break in which the subject 

was made to sit down and rest. At the end of this section, there was the doffing of the 

exoskeleton. 

 

• Section 2: Assistance familiarizations + EMG and Metabolic Cost evaluations 

Before starting the tasks in this section, the subject was prepared by placing sensors and 

markers. Initially, eight FREEEMG sensors were placed. Four per leg. The four muscle 

groups whose signals were recorded were Tensor Fasciae Latae (TFL), Semitendinosus 

(ST), Rectus Femoris (RF) and Gastrocnemius Medialis (GM). The electrodes were placed 

according to the guidelines given by the SENIAM [28] and were positioned while the 

subject was not wearing the exoskeleton, so as to be easier. Once the electrodes were 

placed, the MVC of all eight muscles was measured. For each muscle, the exercise 

recommended by the SENIAM was carried out [28]. Each maximal activation was 

maintained for 5 seconds three times [60], [61]. The Polar was then worn under the shirt 

in contact with the torso and the Basal Metabolic Rate was measured. It was measured 

in a Quiet Standing condition for 4 minutes, thus resulting in the baseline value of the 

subject's cardiac activity [45]. As a final set up, there was the placement of the motion 

capture markers according to the Davis protocol [62].  After the set-up, the subject was 

asked to walk for 20 minutes with 6% slope and a speed of 1.25 m/s, as in the other tasks. 

The walking tasks were 20 minutes long, because in a previous study humans have taken 

about 18 minutes to adapt to walking with exoskeletons [63]. So, 20 minutes was the sum 

of the 18 minutes of familiarization and 2 minutes for the final acquisition in a stationary 

condition [64]. This task was carried out for the three conditions: (i) with self-tuned 

assistance, (ii) with benchmark assistance and (iii) without the exoskeleton. The sequential 

order of the three conditions was randomized across subjects to reduce fatigue and 

familiarization bias. Initially, the order of walking with or without the exoskeleton was 

randomized, using the Matlab code: 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟([1 2], 1) 
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which randomly generated either number 1 or number 2. Number 1 was assigned to the 

condition without exoskeleton and number 2 to the conditions with exoskeleton. 

Subsequently, using the same code, the order of the two types of assistance, self-tuned 

and benchmark, was randomized. For this second decision, number 1 was referred to 

self-tuned assistance and number 2 to benchmark assistance. At 18 minutes from the 

start of the task, 2 minutes of muscle and heart activity were acquired. At the beginning 

and at the end of the two-minute capture, a trigger signal was activated. The signal was 

recorded by both the APO and the muscle activity acquisition system, to synchronize the 

two signals. At the end of each task, the subject was asked to give a score on the Borg 

scale to quantify how hard the task felt. In order to guide the subjects to answer, the 

following indication was given:  

“This scale provides a measure of how much you feel your body is working intensively 

based on the physical sensations you experience, including increased heart rate, 

increased breathing, increased sweating, and muscle fatigue. Don’t take into account any 

factors like leg pain or shortness of breath, but try to focus on the whole feeling of 

exertion [58]” 

To avoid any kind of bias in the evaluation of the tasks in assistive mode, the subjects 

were blind to which of the two assistances had been provided. In between tasks, the 

subject was resting until the value of his heart rate returned to baseline. 

 

• Section 3: Walking Velocity 

In this section the subject was asked to select the self-selected speed in the three walking 

conditions (NoExo, with self-tuned assistance, with benchmark assistance). The 

procedure adopted was the same as presented in section 1. The speed was initialized at 

the random speed between 0.7 and 0.8 m/s obtained in section 1. The subject had to find 

the preferred speed while blind at the current value. Again, the three conditions were 

subjected to a random sequence obtained by the procedure described in the previous 

section. To avoid bias in the choice of preferred speed, the subject had not been told 

which assistance was provided in the assistive conditions. Each task lasted until the 

subject declares that he/she had found a speed that reflects comfort, stability, and 
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perceived effort criteria. Also in this case, between a task and another there was a pause 

to let the subject rest until the heartbeat has not returned to basic values. The selection 

of the self-selected speed without the APO in both section 1 and this section was made 

in order to visualize the effects of familiarization with the walking speed at 1.25 m/s. This 

event could be very relevant, since subjects walked at that speed for more than an hour. 
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 2.2.2  DATA COLLECTION AND ANALYSIS 
 

• Section 1: Self- and Benchmark-Tuning 

The main outcomes of the first section were the assistive parameters of the Self- and 

Benchmark-based assistance. For this reason, the last 30 seconds of the tuning tasks have 

been taken into consideration, in which there was a stationary condition representative 

of the choice made. During this period, the values of the assistive parameters remained 

fixed. So only the final values have been extracted to describe the tuning made by both 

the subject and the expert. Of this time window, the average profile of the desired and 

actual assistive torque has been calculated. The right and left hip joint torque profiles 

were segmented using respectively the right and left heel strike. This segmentation was 

also used for the hip angle recorded by APO and the power provided by the exoskeleton. 

The measured hip angle was analysed to qualitatively compare the kinematics of the hip 

joint in the two assistive conditions. While the power profile was analysed to have an 

indication on how the exoskeleton supported the user. Positive power peaks indicated 

relevant assistance from the device, while negative power peaks indicated that the 

exoskeleton was opposing user’s movement generating resistance. In this study it was 

also of particular interest to assess how much the subjects have explored the interface 

once tuning process has started. To have an indication of this exploration, the standard 

deviation of the values of the assistive parameters provided during tuning processes has 

been calculated for both self- and benchmark-based method. Finally, the time required 

for the tuning process was fundamental to understand the applicability of the technique 

also real applications. Thus, the times required for familiarization of the interface and to 

obtain the final assistance have been measured. Finally, mean and standard deviation of 

the above cited parameters were calculated for all the cohort of subjects. 

 

• Section 2: Assistance familiarizations + EMG and Metabolic Cost evaluations 

In the second section the aim was to evaluate the physiological and perceived effort of 

the three walking conditions: NoExo, with the Self-tuned assistance and Benchmark 

assistance. For muscle activity the EMG signal was used. Initially the raw EMG signal was 
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synchronized with the APO signal through the trigger signal activated at the beginning 

and at the end of the acquisition. Once synchronized, the EMG signal was filtered with a 

4th order band-pass Butterworth filter with a bandwidth between 20 and 400 Hz [65]. 

Later, the supply frequency component was eliminated with a 50 Hz Notch filter. 

Subsequently, the filtered signal was rectified and filtered with a low-pass Butterworth 

filter of the 4th order with cutting frequency at 6 Hz. In this way it was possible to obtain 

the linear envelope [65]. The same process was applied to the MVC signal. The maximum 

value of the MVC linear envelope was used to normalize the linear envelope of the EMG 

signal [65]. Then the signal was segmented with reference to the right heel strike 

detected by motion capture, to have the envelope of each step. The obtained strides 

were then interpolated on 10000 samples, which are much greater than the maximum 

value of samples obtained in the individual strides. After the interpolation, the maximum 

value of the muscle activation was extracted in each stride, and then calculated the mean 

value and standard deviation for the entire acquisition [29]. The process described above 

was carried out for each muscle acquired in the three walking conditions. Then, the 

average peak values of all subjects obtained from this analysis were aggregated, 

calculating mean and standard deviation. To understand how much an assistive condition 

affects muscle activity, the percentage variation between the average peak of the three 

walking conditions was computed. For metabolic consumption the metric used was the 

PCI, that was obtained by the difference of the average values of the heartbeat during 

the task and in baseline, all divided by the walking speed. Thus, the signal obtained by 

the Polar was mediated in the two minutes of acquisition and converted from beats/min 

to beats/s. The baseline signal instead was entirely considered and mediated. Once PCI 

was obtained for each subject under the three conditions, these results were aggregated 

with mean and standard deviation. In addition, the mean variation between subjects of 

PCI values between conditions with and without exoskeleton was obtained. For the values 

of the Borg scale, mean value and standard deviation of the choices made by the subjects 

in the three conditions has been calculated. The average variation between NoExo and 

the assisted tasks has also been calculated. 
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• Section 3: Walking Velocity 

In the third section, the only outcome of interest was the final speed chosen by the 

subjects. The conditions of interest were four: NoExo made at the beginning of section 

1; NoExo made in section 3; Self-tuned assistance; Benchmark assistance. Average value 

and standard deviation of the speeds chosen between the various subjects in the four 

conditions was obtained. 
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 2.2.3  STATISTICS 
 

Before performing the statistical analysis among the three walking conditions, the 

normality of the data was verified with the Kolmogorov-Smirnov test. The test was 

applied with the use of the Matlab function "𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘". Normality has not been verified, 

therefore to assess the statistical significance in the differences between conditions, the 

non-parametric statistical Friedman test was applied [29]. The test aimed to compare two 

or more non-parametric distributions to verify the null hypothesis that they belonged to 

the same population [66]. Membership of the same population was indicated by the 

statistically relevant similarity of the median of distributions. If they had similar medians, 

then they belonged to the same population. If they had different medians, the null 

hypothesis was rejected resulting in a statistically significant difference [66]. To do this, 

the Matlab function "𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓" was used. In case there was any significant difference, it 

was necessary to do the Multiple Comparison post-hoc test, with Bonferroni correction 

[66]–[68]. With the previous test, the presence of a difference between all the conditions 

was verified, without specifying which pairs were statistically different. The Multiple 

Comparison test verified if there was a statistical difference between all possible 

combinations of pairs of conditions, considering the presence of all conditions [67]. To 

consider the presence of all conditions, Bonferroni correction were applied which 

reduced the Type I error rate [66]. This test was applied with the use of the Matlab 

function "𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚", specifying the Bonferroni correction as an input of the function.  
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CHAPTER 3: RESULTS 
 

3.1 TUNING OF THE ASSISTANCE 
 

 3.1.1  TIME 
 

The total average (± standard deviation) time required by subjects to familiarize with the 

Graphical User Interface was about 769.4 (± 445.7) s. Time required for the first part of 

familiarization dedicated to the flexion was on average across-subjects of 439.4 (± 229.2) 

s. While the average across-subjects time required for the extension familiarization was 

about 330.0 (±217.7) s. Thus, the average variation across-subject between flexion 

familiarization time and extension familiarization time was about -30%. On average the 

subjects took 504.4 (± 154.3) s to tune the preferred assistance. On the other hand, the 

expert needed on average 320.6 (± 80.4) s to obtain the benchmark assistance. Between 

Self-tuning and Benchmark tuning there was an average variation across-subjects of -

33% of time. All these results are shown in Figure 6, where trends of each subject are also 

shown.  
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a)    

b)  

Figure 6: Mean and standard deviation of time required to familiarize and tune. Trends of individual 
subjects are also shown. a) Average time required for subjects to familiarize with the graphical 
interface. Shown the time required for the first and second phases of familiarization separately and 
then the total. The average variation between subjects between the times required in the first part and 
in the second part is shown b) Average time required to complete the tuning tasks, with average 
variation between subjects between the two tuning. 
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3.1.2  ASSISTIVE PARAMETERS 
 

For each subject has been obtained an overall overview of both tuning made for each 

individual subject and to evaluate the differences between the two qualitatively as shown 

in the Figure 7. In this overview there was the average profiles of the angle of the hip 

joints, of the assistances and of the power provided. In addition, there were the final 

values of the Feed-Forward parameters chosen by the subject in Self-tuning and by the 

expert in Benchmark tuning. Across all subjects, the preferred peak torque magnitudes 

found in Self-tuning task ranged from 3.0 to 8.5 Nm and from 2.5 to 10.0 Nm for flexion 

and extension respectively. In Benchmark tuning the magnitudes ranged from 6 to 9 Nm 

for flexion, and from 6 to 10 Nm for extension. The choices made by subjects for the 

flexion amplitude ranged from 5.6 % to 10.3 % of the body mass, while for the extension 

amplitude ranged from 4.6 % to 11.1 % of the body mass. On average the chosen peak 

torque magnitude across-subject in flexion was about 5.2 (± 2.1) Nm and 7.6 (± 1.1) Nm 

in Self-tuned and Benchmark assistances respectively. The Self-tuned extension average 

value of amplitude across-subjects was 5.0 (± 3.0) Nm, while in Benchmark assistance the 

average extension amplitude value was 8.0 (± 1.6) Nm. The choices made by subjects in 

peak torque phase Self-tuning ranged from 44 % to 82 % of the gait cycle for flexion, 

and from 7 % to 43 % of the gait cycle for extension. While the expert choices ranged 

from 56 % to 60 % of the gait cycle for flexion, and from 12 % to 18 % of gait cycle in 

extension tuning. Finally, the gaussian width values of the Self-tuned assistance ranged 

from 30 % to 57 % of the gait cycle and from 30% to 51 % of the gait cycle for flexion 

and extension respectively. Benchmark widths ranged from 35 % to 40 % of the gait cycle 

in flexion tuning and ranged from 48% to 55 % of the gait cycle in extension. The 

parameter tuned in both Self-tuning and Benchmark tuning for each subject were 

summarized in Figure 8. The average across-subjects standard deviations in flexion Self-

tuning were 1.2 Nm, 4.1 % and 4.1 % of the gait cycle for peak amplitude, peak phase, 

and width respectively. For extension the average across-subjects standard deviations 

were 0.9 Nm, 5.1 % and 3.6 % of the gait cycle for amplitude, phase, and width 

respectively. The average across-subject peak power to assist flexion in Benchmark 

assistance was 32.2 (±8.4) W, while in Self-Tuned assistance was 18.8 (±11.3) W. At the 
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extension phase the average across-subject power peak were 19.2 (±5.4) W and 13.0 

(±6.5) W in Benchmark assistance and Self-tuned assistance respectively. In Self-tuning 

assistances there was an average across-subjects non-continuous period corresponding 

to 31.42 (±8.15) % of the gait cycle with negative power provided by the exoskeleton and 

the average negative power peak across all subjects was about -3.7 (±0.2) W. The average 

profiles of the power supplied, the hip angle, and the supplied torque of all subjects are 

shown in Figure 9.  
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a)  

b)  

Figure 7: Tuning overview of a representative subject. It has been created for each subject to evaluate 
the effects of tunings. a) Average profiles with 10th and 90th percentiles of hip joint angle, actual 
torque amplitude and power provided by the APO in the final 30 seconds of stationarity. In the left 
column is shown the right limb referred to the right heel strike. In the right column is shown the left 
limb referred to the left heel strike. b) In the left column are shown the average profiles of the last 30 
seconds of the tuned assistances. In the right column there is the comparison between the parameters 
of the Feed-Forward chosen in the two tuning tasks. 
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Figure 8: Tuning parameters for all subjects. The final choices of the six parameters of the Feed-
Forward for both Benchmark-Tuning and Self-Tuning are represented. Centred in the final value, there 
are the standard deviations of the selected values throughout the tuning task. The first column 
indicates the parameters for flexion, while the second column indicates the parameters of the 
extension. Each line corresponds to a single subject: 1st raw to ID01; 2nd raw to ID02; 3rd raw to ID03; 4th 
raw to ID04; 5th raw to ID05. 
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Figure 9: Average profiles with 10th and 90th percentiles of hip joint angle, actual torque amplitude 
and power provided by the APO in the final 30 seconds of stationarity of each subject. All profiles 
show right limb referred to the right heel strike. Each line corresponds to a single subject: 1st raw to 
ID01; 2nd raw to ID02; 3rd raw to ID03; 4th raw to ID04; 5th raw to ID05. 
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3.2 PHYSIOLOGICAL EVALUATION 
 

 3.2.1  MUSCOLAR ACTIVITY 
 

The average across-subject EMG peaks for each muscle in the three conditions are shown 

in Figure 10. For most muscles, the recorded average activity resulted increased in the 

presence of the exoskeleton compared to the muscle activity in NoExo condition. The 

right Tensor Fasciae Latae and the left Gastrocnemius Medialis were the only muscles 

that reduced their activity with both assistances. The percentage variations between the 

average peaks obtained walking with the two assistances and the average peaks obtained 

in NoExo are shown in the Table 3. As can be seen in Table 3 the Left Semitendinosus 

activity was greater using the Benchmark assistance and smaller with Self-tuned 

assistance. 

  

 BENCHMARK SELF-TUNED 

TFLR -9.48 % -16.65 % 

TFLL +27.98 % +36.00 % 

STR +15.86 % +2.94 % 

STL +13.08 % -5.07 % 

RFR +4.76 % +9.11 % 

RFL +0.33 % +4.84 % 

GMR +2.61 % +4.02 % 

GML -4.15 % -0.50 % 

Table 3: Percentage variations of average across-subjects EMG peaks between assistive conditions and 
NoExo condition 
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Figure 10: EMG peaks averaged over all subjects. The three conditions are grouped for each muscle 
analysed. TFL = Tensor Fasciae Latae; ST = Semitendinosus; RF = Rectus Femoris; GM = Gastrocnemius 
Medialis. The two subscripts indicate right (R) and left (L) limb. 
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 3.2.2  PHYSIOLOGICAL COST INDEX 
 

The averaged PCI across-subjects recorded while walking without the exoskeleton 

resulted equal to 0.455 (± 0.199) beats/m. In the two walking conditions with assistance 

the average PCI across-subjects reached a value of 0.513 (± 0.203) beats/m and 0.548 

(±0.219) beats/m with the Benchmark assistance and Self-tuned assistance respectively. 

Walking with Benchmark assistance brought an average across-subject increment of 17 

% over walking without the exoskeleton. While the Self-tuned assistance resulted in an 

average across-subjects increment of 28 % compared to walking without the 

exoskeleton. PCI results are summarized in Figure 11. 

  

 

Figure 11: PCI values averaged over subjects with individual trends. Averaged across-
subject percentage variations between conditions are also shown. 
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 3.2.3  BORG-RPE SCALE 
 

 The average across-subjects score collected for the Borg scale after walking without the 

exoskeleton resulted equal to 4.6 (±1.7). After walking in the two assisted conditions the 

average across-subjects score value given was 4.8 (±2.2) and 4.8 (±2.0) with the 

Benchmark assistance and Self-tuned assistance respectively. Walking with Benchmark 

assistance brought an average across-subject increase of 4 % over the walk without the 

exoskeleton. While to the use of the Self-tuned assistance corresponds an average 

across-subject increment of 7 % compared to walking without the exoskeleton. All these 

results are shown in Figure 12. 

  

 

Figure 12: Average scores in the Borg scales with individual trends. Averaged 
across-subject percentage variations between conditions are also shown.  
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3.3 WALKING VELOCITY 
 

The average across-subject velocity selected at the beginning of the section 1 by the 

subjects in NoExo condition was 3.66 (±0.59) km/h. After the familiarization, in the same 

condition subjects chose an average across-subject velocity equal to 4.54 (±0.36) km/h. 

Then there was an average increment across subjects of 26 % between the first NoExo 

condition and the second one. The average across-subject preferred velocities with the 

Self-tuned assistance and the Benchmark assistance were 4.36 (0.38) km/h and 4.72 (0.36) 

km/h respectively. The velocity chose with Self-tuned assistance had an average 

decrement across subjects of -4 % compared to NoExo condition in the same section. 

While the velocity with the Benchmark assistance had an average increment across 

subjects of 4 % compared to NoExo condition after the familiarization. The effect of the 

familiarization was also shown by the average increment across subjects of walking speed 

with the Self-tuned assistance and Benchmark assistance compared to the first self-

selected speed without the exoskeleton, which were +21 % and +31 % respectively. 

These differences between the chosen velocities in the different conditions were not 

statistically significant except for the difference between the speed chosen in section 1 

and the speed selected with the Benchmark assistance (p=0.0036). All these results are 

shown in Figure 13. 
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Figure 13: Average self-selected speeds in different conditions. The first bar refers to the speed 
selected in section 1. The other bars refer to speeds selected in section 3. Trend of each subject are 
also shown. At the top of the figure there are average across-subjects differences between different 
conditions. 
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CHAPTER 4: DISCUSSION 
 

The aim of this thesis was to investigate the users’ preferences in the tuning of 

the APO robotic assistance. Specifically, the present thesis compares Self-tuned 

assistance with a Benchmark assistance in terms of selected assistive parameters, 

tuning times, muscle activity, PCI, perceived effort, and self-selected speed. 

Compared to the study made by Ingraham et al., the time required for both 

familiarization with the graphical interface and Self-tuning were much higher [39]. To 

familiarize with the interface, participants took on average 13 minutes. The longer time 

was mainly due to the number of parameters to tune. To reduce the time needed to 

understand the interface’s functioning and simplify the comprehension of the tool, the 

familiarization was divided into two parts. The time required to understand the second 

line of the interface was about one third less than that required by the first line. Most 

likely this reduction was because the arrangement of the knobs in the lower part of the 

interface was equal to the upper part. So, in the second phase, the subjects only had to 

recognize the same pattern they had already understood before. The actual reduction of 

the times is demonstration that although the interface was complex, the subjects have 

understood the effects of every variation of the parameters. Although the understanding 

of the graphical interface, the time required for the Self-tuning was higher than the time 

required by the expert to complete the tuning of the Benchmark assistance. The high 

number of parameters and being blind to their current value, reduced the ability of 

participants to orient themselves among the tuning possibilities. Also, using the interface 

while walking on the treadmill made more difficult to precisely orient the knob at the 

desired angle. All these factors have made the search for the preferred assistance more 

arduous and therefore slower. Since reducing tuning time is of paramount importance 

to enable future versatile use of this method, further investigations are needed. There are 

more possibilities that can be implemented in the future works to make Self-tuning easier 

and faster. An alternative would be to inform participants on the functioning of the Feed-

Forward assistive strategy, to make them more aware of the effects of changes in 

parameters on the assistive profile. It could also be changed the interface by highlighting 
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the magnitude knob. In this way, the subject understands what is the parameter that 

most affects the assistance. But these solutions also present some drawbacks. Adopting 

these methods would partially lose the blind condition of the subjects, risking creating 

bias. Another possible change in the graphical interface could be related to the use of 

incremental buttons instead of knobs. This would eliminate the inaccuracy in selecting 

the desired value caused by walking on the treadmill. Also, in this case, the solution has 

some negative aspects, like the fact that the variation of the parameters would be much 

slower risking to increase the times. The Self-tuning performed by the participants led to 

very different assistive profile compared to those deriving by the expert-based tuning. 

This finding indicates that personal perceptions such as comfort, stability and perceived 

effort do not lead the subject to seek assistance which follows the kinematics of the hip. 

In addition, there was a strong difference between the final preferences of each subject. 

This confirms that each person is different even in feeling comfortable with the 

exoskeleton, showing the need to personalize the assistance. Despite the big difference 

in the final assistances chosen in Self-tuning, there was an aspect consistent among 

subjects. Participants selected lower peak torque amplitudes than those selected by 

experts. This result is in accordance with findings reported by Ingraham et al. [39]. This 

trend can be justified by the naïve condition of the subjects. Considering that participants 

walked for the first time with the exoskeleton in this study, they may have perceived a 

feeling of instability and fear of getting hurt when exploring higher amplitude values. 

This fear has led them to remain in conditions they deemed safer. If it is desired to 

stimulate subjects to select assistances with higher amplitudes for more support, 

experimenters could instruct participants on the operation of the device or allow more 

time for adaptation to walk with the exoskeleton assistance. The study of Ingraham et al. 

showed that the subjects with previous knowledge of the device selected larger 

amplitudes [39]. An approach could be to create guidelines to follow during the 

familiarization task. In this way subjects are encouraged to explore and better understand 

the potential and effects of the exoskeleton while remaining safe. Although the 

amplitudes selected with the Self-tuning method were lower than those selected by the 

expert, none of the subjects selected the lower limit of the amplitude values. This means 

that participants have always preferred that the exoskeleton assists them in the task even 

if with little entity. Finally, the percentage of amplitude chosen by the subjects in Self-
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tuning referred to the body mass of the subjects took values within a width range of 6.5 

%. So, the choices made by the subjects varied a lot in absolute value (between 2.5 Nm 

and 10 Nm), but they remain within a rather limited window in terms of relative values 

(between 4.6 % and 11.1 %). This aspect confirms the approach of the experts to tune 

the Benchmark assistance also considering the weight of the subject. Considering the 

power provided by the exoskeleton with Self-Tuned assistance, it can be seen positive 

peaks lower than those present in Benchmark assistance because of the lower selected 

amplitudes in Self-tuning. Therefore, can be seen the presence of negative power in all 

subjects’ Self-tuning assistance. While the presence of resistive power is an indication of 

the fact that the user to feel comfortable and stable sometimes prefers to be contrasted 

in the movement than being constantly assisted. The mean across-subjects standard 

deviations of the values explored during the Self-tuning process were lower or equal to 

the 15 % of the explorable ranges. This could be an indication that participants quickly 

found the range where the value corresponding to their preference resided. On the other 

hand, it could indicate a strong dependence on the randomized values initialized by 

experimenters before the start of Self-tuning. This second possibility should be discarded 

as Ingraham et al. have shown that subjects were able to recognize the preferred 

assistance even from different initialized values [39]. In this case, however, the high 

number of parameters to tune could have discouraged a greater exploration. To explore 

these two alternatives, in a future work each subject should repeat the Self-tuning 

starting each time from different initialized values. Muscle response did not present a 

unique trend for all muscles. In the right Tensor Fasciae Latae and in the left 

Gastrocnemius Medialis there was a reduction in activity in assisted conditions. In most 

muscles, the Self-Tuned assistance involved a higher muscular activation than the 

Benchmark assistance. The only exceptions were both Semitendinosus which have had 

higher peaks while using the Benchmark assistance. The assistance tuned by the expert 

was intended to conform to the kinematics of the user and to assist accordingly. It 

therefore did not directly aim to reduce muscle activity. Increased kinematic performance 

can therefore lead to non-homogeneous muscle responses. In future works, the 

assistance used as a benchmark could be the assistance tuned with the purpose of 

reducing muscle activity. In this way, it can be obtained a more representative 

comparison between the benefits brought by this assistance and Self-tuned assistance 
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from a muscular point of view. Even in the case of self-tuned assistance the muscle 

response has not been homogeneous. The main aim of this assistance was to respect the 

user’s comfort and stability, without having to reduce muscle activity. This has led to 

assistance profiles that in some cases have supported the muscle, while in others have 

generated resistance and therefore greater muscle activity than that obtained with the 

Benchmark assistance. Despite the variability in the muscular response, it can be noted 

that more than half of the analysed muscles had a higher average across-subject 

activation peak walking with the exoskeleton. The PCI measured during walking in 

assistive mode was also higher compared to walking without exoskeleton. The cause of 

these effects can be attributed to the weight of the device itself that has not been 

compensated by the assistance. A similar result was observed in the study reported by 

Martini et al., where the metabolic consumption decreased in amputees, but it increased 

in healthy subjects comparing walking with versus without the APO [54]. In the present 

thesis, the comparison between the two assistances, it was noted that the average PCI 

measured with the Self-Tuned assistance was higher than the Benchmark assistance. This 

result shows that comfort, stability, and perceived effort do not correspond to an 

effective reduction of the energy required to perform the task. It could be due to the 

interface problems listed above or even to the indications which were given to 

participants. The indications given were purposely lacking some information, such as the 

time by which subjects would have to walk with assistance. However, this missing 

information may have negatively affected the results. In fact, all the participants after 

finishing section 2, said that the assistance they tuned was very convenient at the 

beginning of the task, but in the long term, they felt the benchmark assistance was not 

so beneficial. Conversely, in the case of Benchmark assistance, the subjects firstly 

perceived the assistance as disturbing, but in the long term, they felt the benefit of 

walking with the assistance. Probably describing the characteristics of the protocol before 

the tuning process, the choices made by the subjects would have been different and 

more efficient. The average variation across-subject of Borg Scale scores between 

assisted and unassisted conditions scores was higher for the Self-Tuned assistance than 

the Benchmark assistance. This result indicates that despite the initial instability perceived 

by participants using Benchmark assistance, it was perceived as less tiring after 20 

minutes of walking. The results obtained with the Borg scale also showed that walking 
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with the exoskeleton resulted in a greater effort for participants. In accordance with what 

the subjects said about the sensations perceived during the use of the two assistances, 

the scores obtained on the Borg scales at the use of the Self-tuned assistance should 

have been lower than those obtained with Benchmark assistance if attributed after a 

shorter task. In future works it would be useful to make this comparison with the Borg 

scale even with shorter times, since it could encourage the use of Self-tuned assistance 

in short tasks. Regarding self-selected speed, in section 3, the comfortable speeds were 

selected with an average increase of at least 21 % compared to the speed selected at the 

beginning of the protocol. This is an effect of the familiarization obtained in section 2, in 

which subjects walked for one hour at a speed of 4.5 km/h. The speed selected when 

using the Self-Tuned assistance was on average lower than the selected speed without 

exoskeleton after familiarization. The reduction may indicate that an increase in efficiency 

of the assistance in terms of walking speed leads to a reduction in comfort and stability. 

While the Benchmark assistance led subjects to choose higher average speeds than those 

selected while walking without the exoskeleton condition after familiarization. This shows 

that benchmark assistance positively affected the walking speed. Study results, therefore, 

suggest that the Self-tuning assistance allowed subjects to feel comfortable with the 

device for short periods. However, this is achieved at the expense of a higher energy 

consumption and a lower task speed.  
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CHAPTER 5: CONCLUSION 
 

In this thesis project two types of hip exoskeleton assistance were compared: a 

Benchmark assistance based on user’s hip kinematics tuned by an expert and a Self-

tuned assistance tuned directly by the users based on their personal perceptions. In this 

study each subject preferred a different hip assistive torque profile, thus suggesting the 

need to customize the hip assistance for each user. Moreover, the sensations of comfort, 

stability and perceived effort did not guide the subject towards a kinematic-based 

assistance. The time required for the self-tuning process was higher than those required 

by the tuning of the Benchmark assistance, likely due to limitations of the adopted 

graphical user interface, or experimental protocol. A long time required for the tuning of 

the assistance could limit usability of this method in real-life scenarios. It is therefore 

necessary to develop new proposals in the implementation of the graphical user interface 

and the protocol to reduce the required tuning time. In this experiment, the self-tuned 

assistance did not lead benefits in terms of physiological parameters and walking speed. 

Comparing the self-tuned and the benchmark assistance, in the short time study 

participants felt more comfortable while walking with the self-tuned assistance, while in 

the long time (i.e., after 20 min-walking) while walking with the benchmark one. This 

study can therefore be regarded as a pilot work, which can open the way for further 

approaches of preference-based control strategies. 
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