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Abstract 

In order to actively aid or restore legged locomotion to individuals suffering from muscu-

lar impairments, weakness or neurologic injury, rehabilitation is recommended as a more ap-

propriate way to achieve the ultimate goal of a continuous ambulatory monitoring. Also, the 

assistance with wearable robots (WRs) during daily living activities provides a more intensive 

and purposeful targeted therapeutic training, and also reduces the treatment cost and the num-

ber of health care personnel.  

Thus, it is crucial the development of locomotion strategies that recognize in real-time the 

locomotion mode of human-robot interaction in overground daily living activities. Thus, this 

thesis intends to develop two locomotion strategies which will be integrated in high level con-

trol of exoskeleton H2 (Exo-H2), the WR developed under the scope of BioMot project.   

The first locomotion strategy proposed and validated addresses online detection of events 

and gait phases uniquely through information from embedded sensors. This knowledge will 

allow determining in real-time the biomechanical parameters of assisted walking, and conse-

quently to assess the progress of rehabilitation process by means of WR. The solution valida-

tion in different locomotion conditions (assisted walking by WR, walking of humanoid robot 

and walking of healthy subject) shows up that the proposed solution led to a robust and gen-

eral tool for gait detection, which is also capable to detect more events and gait phases com-

paratively to the works presented in literature.  

Locomotion mode recognition is the second locomotion strategy developed in this thesis, 

which allows the recognition of different locomotion modes. Based on an exhaustive state of 

the art survey, a more robust and accurate procedure that leads to a more robust and accurate 

tool was delineated. According to the results achieved for offline scenario it was verified that 

the performance of the locomotion strategy increases by using different types of biomechani-

cal parameters, which should be previously selected by means of multivariate statistic meth-

ods. Both binary and multiclass classification were addressed through support vector machine 

(SVM). The implementation of these methods led to a powerful and accurate tool of offline 

recognition of locomotion modes. Additionally, a strategy for online recognition was pro-

posed. 

Further work will consist on the application of these locomotion strategies in real-time en-

vironment of gait rehabilitation.  

 

Keywords: abnormal gait patterns; assistance and rehabilitation; lower limbs exoskeletons; 

biomechanical parameters; embedded sensors; detection of events and gait phases; locomo-

tion mode recognition; feature selection methods; gait classification methods  
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Resumo 

De forma a apoiar ou a restaurar a locomoção de indivíduos que apresentam fraqueza muscular 

ou doenças neurológicas, a reabilitação é recomendada como a forma mais apropriada para alcan-

çar uma monitorização ambulatória contínua. Além disso, a assistência com robots ambulatório 

(RA) durante as atividades diárias promove um treino terapêutico mais intensivo e direcional, as-

sim como também reduz os custos de tratamento e o número de  profissionais de saúde.  

Como tal, é crucial o desenvolvimento de estratégias que reconheçam, em tempo real, o modo 

de locomoção da interação sujeito-robot durante as atividades quotidianas. Assim, esta tese visa 

desenvolver duas estratégias de locomoção, as quais serão integradas no controlo de alto nível do 

Exo-H2, que corresponde ao RA desenvolvido no âmbito do projeto BioMot.  

A primeira estratégia de locomoção proposta e validada consiste na deteção online dos eventos 

e fases da marcha, usando exclusivamente a informação fornecida pelos sensores embebidos. Este 

conhecimento permitirá a determinação em tempo real dos parâmetros biomecânicos da marcha 

assistida, e por conseguinte permitirá avaliar o progresso da reabilitação. A validação da solução 

proposta em diferentes contextos de locomoção (marcha assistida por RA, marcha de um robot 

humanoide e a marcha de um sujeito saudável) revelou que esta constitui uma ferramenta robusta 

e geral para a deteção da marcha, sendo capaz de detetar mais eventos e fases da marcha compara-

tivamente aos estudos apresentados na literatura.      

O reconhecimento do modo de locomoção é a segunda estratégia desenvolvida nesta tese, a 

qual permite o reconhecimento de diferentes modos de locomoção. Com base no exaustivo levan-

tamento do estado da arte, foi delineado um procedimento robusto, que conduziu a uma ferramen-

ta mais robusta e precisa. De acordo com os resultados alcançados para o cenário offline verifi-

cou-se que o desempenho desta estratégia de locomoção aumenta com a utilização de diferentes 

tipos de parâmetros biomecânicos, os quais devem ser previamente selecionados por meio de mé-

todos estatísticos. Tanto a classificação binária, como a classificação de multi-classes, foram im-

plementadas através do support vector machine (SVM).  A implementação destes métodos condu-

ziu a uma ferramenta precisa de reconhecimento dos modos de locomoção em offline. Além disso, 

também foi proposta a estratégia para o reconhecimento em tempo real.  

Como trabalho futuro propõe-se a aplicação destas estratégias de locomoção no ambiente em 

tempo real de reabilitação da marcha.    

Palavras-chave: padrões anormais da marcha; reabilitação; exosqueletos dos membros inferiores; 

parâmetros biomecânicos; sensores embebidos; deteção de eventos e fases da marcha; reconheci-

mento de modos de locomoção; métodos de seleção de features; métodos de classificação.  
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Chapter 1 - Introduction 

 

This dissertation presents the work developed over the second semester of the 

2014-2015 year, in the scope of the fifth year of the Integrated Master in Biomedical 

Engineering. The present work was developed in the Control Automation and Robot-

ics (CAR) group of the ALGORITMI Center from University of Minho. The work 

builds up on the work initialized during the first semester in the Consejo Superior de 

Investigaciones Científicas (CSIC). The locomotion strategies delineated in the CSIC 

have been implemented, and new methods were adopted in order to improve the de-

tected limitations. Additionally, experiments delineated in Portugal were run in Spain 

data and was collected and sent to Portugal.  

The proposed work addresses the field of assistance and rehabilitation of subjects 

with abnormal gait patterns by means of active lower limb devices, namely the exo-

skeletons. Effectively, the main goal of this work is the development of locomotion 

strategies that provide adaptability and flexibility to wearable robots (WRs), in partic-

ular to exoskeleton H2 (Exo-H2), in order to integrate the assistance of this device in 

daily living activities. In this context, it is needed firstly to implement an offline anal-

ysis of gait signals acquired by embedded sensors of exoskeleton, in order to propose 

the most appropriate locomotion strategies, and the respective methods to be used for 

each proposed locomotion strategy. After, the locomotion strategies would be inte-
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grated in the exoskeleton software in order to be applied in real-time scenario, and 

thus turn feasible the walking assisted in clinical environments.   

All the procedures, analysis and conclusions are detailed in this dissertation. 

1.1.Motivation 

Walking is a complex and common human physical activity that can be performed 

in a variety of ways and directions, and that requires muscular strength, joint mobility 

and coordination of the central nervous system [1, 2].  

The normal gait can be affected by a number of neurological injuries and muscular 

deformities, whose prevalence tends to grow with the aging. Indeed, only in United 

States of America, there is a large number of people affected with walking diseases: 

4.7 million with stroke; 1 million with polio; 400 mil with multiple sclerosis; 200 mil 

with spinal cord injury (SCI); and 100 mil with cerebral palsy (CP) [2]. Consequently, 

the walking diseases lead to disorders and abnormalities of the gait, which are main 

symptoms used to diagnose and to assess the progress of the gait impairments [1, 3]. 

In order to actively aid or restore legged locomotion to individuals suffering from 

muscular impairments or weakness and neurologic injury, the clinicians have been 

recommending the rehabilitation as a more appropriate way to achieve the ultimate 

goal of a continuous ambulatory monitoring [4, 5, 6]. Consequently, a number of re-

habilitation interventions have been proposed to improve and recover the walking 

ability.  

Currently, the most promising methods used to attempt to improve gait perfor-

mance are: training assisted by therapists; the passive devices (as canes and wheeled 

walkers); the treadmill with partial body weight support; functional electrical stimula-

tion; the active lower limb devices (as orthoses and exoskeletons); and the use of vir-

tual scenes that simulate walking in different environments [7, 5].  

The passives devices were the first rehabilitation strategy due to relative simplici-

ty and to low cost, but generally they are prescribed for people with moderate levels 

of mobility impairment [8, 6]. Moreover, the gait training realized by therapists is a 

procedure physically difficult to execute for long durations of time, providing also an 

asymmetric rehabilitation.  

On the other hand, a number of studies [9, 10, 11, 12, 13, 14] have reported the 

positive influence of rehabilitation with treadmill, mainly due to capacity to walk with 
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a less variable and more stable gait than passive devices. Also, the static lower limb 

robotic devices (e.g. Lokomat, LOwer extremity Powered ExoSkeleton - LOPES) 

have shown to provide an intense functional motor recovery, due to replace or to re-

store a portion of the mechanical work performed by the biological muscle-tendons 

acting at the joints during locomotion [15, 16]. Nevertheless, the application of these 

two rehabilitation strategies is limited to the clinical setting for relatively brief train-

ing sessions [17, 18]. Additionally, the commercial designs of ambulatory lower limb 

devices should be improved in order to ensure an assistance according to patients’ 

disability and perform an efficient management of human-robot interaction for appli-

cations without clinical assistance.    

1.2.Problem statement and scope  

To overcome the aforementioned limitations of robotic devices, it is necessary to 

improve the human-robot interaction in real-world environments in order to provide 

for a more intensive and purposeful targeted therapeutic training, and also reducing 

the treatment cost and the number of health care personnel. Thus, it is crucial the de-

velopment of locomotion strategies that recognize in real-time the user locomotion 

intention and the environment conditions to integrate the exoskeleton in overground 

daily living activities.     

A correct interaction of human-wearable robot comprises several concepts and 

steps. Firstly, it is required to detect the moment of occurrence of each event and gait 

phase over gait cycle. Then, combining this knowledge with the signals recorded from 

embedded sensors of WR, it is possible to determine the biomechanical parameters of 

assisted walking. In the following, through these biomechanical parameters it is feasi-

ble to select which are the features that characterize each gait mode. Finally, by 

means of statistical methods or machine learning approaches it is possible to adapt the 

assistance level according to the current locomotion mode of human-robot interaction, 

in order to promote a therapeutic training during daily living activities.   

All aspects previously expressed show the relevance of this field, presenting an 

innovative character, contributing to the scientific community with advancements 

able to help answer some important questions. 
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1.3.Goals and research questions  

As aforementioned, the ultimate goal of this thesis is the development of locomo-

tion strategies and gait analyses, which culminate in the integration of therapeutic 

training by means of exoskeletons during daily living activities. To achieve this ulti-

mate goal, firstly it is required the knowledge of basic concepts of human walking, as 

well as the knowledge of which are the anatomic functions of muscles and joints in-

volved in the gait.  

Additionally, it is important to understand the evolution of the biomechanical pa-

rameters during the gait cycle and the way the integration of the assistive device 

changes these parameters.  

Locomotion strategies of detection of events and gait phases and also of locomo-

tion mode recognition need to be learned and compared, in order to implement the 

most appropriate methodology for the current problem.  

Thereby, with this thesis it is necessary to achieve the following goals: 

 Goal 1: the first goal is to analyse the mechanical design and the control layer 

of the current exoskeletons and the future designs already proposed in actual research 

projects, in order to propose solutions that overcome the detected limitations in the 

existing devices. 

 

 Goal 2: the second goal aims to understand how works the overall mechanism 

of the human system used to perform a normal gait pattern, such that the developed 

locomotion strategies can provide a more accurate assistance. Also, as a second goal it 

is intended to accomplish a survey of abnormal gait patterns, in order to know which 

are the causes and consequences of these common impairments, and thus improve 

over current solutions in the field of rehabilitation.  

 

 Goal 3: the third goal is to conduct an extensive survey on the state of the art 

related either with measurement devices of gait, either with detection of events and 

gait phases to define an appropriate strategy to integrate in assistive walking. This 

goal will made it possible to conclude on the potentials and the lacks of the current 

state of the art for these topics. Also, it will enable to propose a feasible and novel 

methodology for online detection of events and phases of gait that overcomes these 

limitations.  
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 Goal 4: as fourth goal it is proposed the development of a locomotion strategy 

to be implemented, that achieves the detection of events and gait phases. This detector 

should be capable of segmenting the gait cycle in real-time, and thus implement a 

more complete detection than the presented algorithms listed in the literature. addi-

tionally, it should be robust to sporadic changes that occur over gait cycle. This loco-

motion strategy will be used in first stages of online recognition of locomotion mode 

delineated for Exo-H2. However, these strategies are herein extended and validated 

with Darwin-Op Humanoid Robot in the simulation software – WebotsTM - and in 

healthy subjects during ground walking. The validation with data from healthy sub-

jects implied the delineation of the experiment, and the required sensors  and their po-

sitioning, since there is no available database of biomechanical signals during walking 

trials. The validation of proposed strategy to detect events and gait phases in different 

locomotion contexts and with different devices allows to improve the robustness and 

generalize the proposed solution.    

 

 Goal 5: in this goal it is realized a survey in order to understand which are the 

required procedures to perform the locomotion mode recognition. A preliminary re-

view of the state of the art was done during the ERASMUS stay in CSIC in order to 

acquire knowledge in this area, and then achieve the tasks delineated. However, in 

order to proceed to an online implementation and also to overcome the verified limita-

tions, it was needed to go much deeper. Thus, through an exhaustive survey it is in-

tend to realize a comparative analysis, considering the recent works in literature, of all 

methods that can be used to compute each required procedure. From the reached con-

clusions by comparative analysis it was possible to propose news methods in order to 

improve the accuracy of locomotion mode recognition.  

 

 Goal 6: the sixth goal aims to implement the second locomotion strategy cov-

ered in this thesis, i.e., the locomotion mode recognition. In order to develop an effi-

cient algorithm, this goal has in consideration the extracted conclusions from goal 5. 

This locomotion strategy should be capable to detect in real-time the locomotion 

mode of human-exoskeleton interaction using solely the gait signals provided by em-

bedded sensors of exoskeleton. Also, the proposed algorithm should be developed ac-
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cording to the requirements and limitations of software and hardware of WR. Firstly 

this strategy was applied in offline scenario, using data collected from a walking trial 

assisted with Exo-H2. The main body of this offline implementation has been done 

during the stay in CSIC. However, since the beginning was settled that the work 

would advance incrementally growing over the algorithms initially defined. Innova-

tive aspects developed while in the CAR are related to results comparison with and 

without cross-validation, implementation and performance assessment of genetic al-

gorithm methods. Major contribution comes in the real time scenario. In CSIC was 

thought a methodology for locomotion mode recognition in real-time scenario. How-

ever, during its implementation, in CAR, it was verified that this strategy was not pos-

sible. Thus, a finite state machine (FSM) was delineated, which separates each loco-

motion mode (a state) from a set of other locomotion modes. The other phases of lo-

comotion mode recognition previously implemented for offline scenario, had to be 

changed and generalized for online implementation. Thus, the overall work has been 

described in this thesis since it is needed to understand the achieved results.   

 

The following research questions (RQ) are expected to be answered in the present 

work: 

 RQ1: Which are the most common gait abnormalities? Are these abnormali-

ties the ones targeted by current assistive devices? This RQ is addressed in Chapter 3.    

 

 RQ2: Which are the sensors with greater potential to measure the gait signals 

for control strategy of detection of events and gait phases? This RQ is addressed in 

Chapter 5.  

 

 RQ3: Does the detection of events and gait phases depend on the walking 

conditions (e.g. assisted or not assisted walking, type of recorded signals)? This RQ is 

addressed in Chapter 5.  

 

 RQ4: How can the detection of events and gait phases in the proposed algo-

rithm becomes robust to disturbances of gait cycle? This RQ is addressed in Chapter 

5.  
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 RQ5: Which are the most relevant biomechanical parameters in the character-

ization of gait patterns? This RQ is addressed in Chapter 6.  

 

 RQ6: Which are the required procedures in order to achieve an accurate and 

general locomotion mode recognition? This RQ is addressed in Chapter 6. 

 

 RQ7: How can be assessed the performance of locomotion mode recognition? 

This RQ is addressed in Chapter 6. 

 

1.4. Contribution to knowledge 

With this dissertation are developed the first locomotion strategies planned in 

Work Package (WP) 6, named “Embodied sensory motor strategies for control” of 

BioMot project, founding by Commission of the European Union FP7-ICT-2013.2.1-

611695.  

The main contributions of this work are: 

 online and offline determination biomechanical parameters of assisted walking 

by WR. From the built database it is feasible to verify the influence of exoskeleton 

during assisted walking even in healthy subjects; 

 an algorithm based on adaptive thresholds to detect in real time the events and 

phases of gait, either for WR, for DARwIn OP humanoid robot and healthy subjects. 

Effectively, the developed strategy allows that the algorithm is general and robust to 

disturbances that occur during gait cycle; 

 a tool that accurately implements of the locomotion mode recognition, i.e., 

discriminate different walking tasks, such as: ascending/descending stairs; as-

cend/descend slopes; level walking; sit-to-stand/stand-to-sit; start/stop walking; 

change direction; change speed; and others. This tool is fundamental to be integrated 

in the control strategy of WR in order to apply adaptive assistance based on human 

intention and environment conditions during daily living activities. This tool is firstly 

proposed in literature as online. Major concepts were demonstrated in offline and de-

tailed comparisons  were evaluated. In fact, the application of several different meth-

ods proposed in literature enables to compare amongst their performance and thus 
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conclude which is the one more adequate to apply in the locomotion mode recogni-

tion.      

1.5.Publications 

The developed work during the stay in CAR group allowed the publication of one 

conference paper and the submission of one journal article.  

 

Journal article 

 Joana Figueiredo, Cristina P. Santos, José L. Pons and Juan C. Moreno, Hu-

man Walking Recognition Based on Gait Dynamics: A Review, Medical & Biological 

Systems & Computing (under revision).  

 

Conference paper 

 Joana Figueiredo, Cristina P. Santos and Juan C. Moreno, Assistance and Re-

habilitation of gait disorders using Active Lower Limb Orthoses, Bioengineering 

(ENBENG), 2015 IEEE 4th Portuguese Meeting on, Porto, Portugal, 26th-28th Febru-

ary, 2015. 

 

1.6.Thesis outline 

This dissertation is organized as follows.  

In Chapter 2 is presented a general overview of the lower limb exoskeletons, pre-

senting the mechanical design, the strategies of the control layer, and other relevant 

characteristics for each revised device. Also, are highlighted the current main Europe-

an projects, including the BioMot project, which address the scope of assistance in 

daily living activities using WRs.  

The concepts, the biomechanics and the anatomic functional structures associated 

to human walking are described in Chapter 3. Herein, are also presented the walking 

diseases and the associated gait abnormalities.  

Chapter 4 describes the overall proposed solution for the stated problem, detailing 

the structure of the following chapters. Additionally, are described the devices used 

for validation of the proposed locomotion strategies: the DARwIn OP humanoid robot 

and Exo-H2.  

http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7076899
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7076899
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In Chapter 5 are showed all considerations about detection of events and phases 

gait. In fact, it presents a state of the art of methods to segment the events and phases 

of gait, as well as are highlighted the advantages and disadvantages of the measure-

ment devices of gait. Also, in this chapter is presented a proposal for the implementa-

tion of the first locomotion strategy discussed in this thesis – detection of events and 

phases of gait. Besides, the description of the implemented strategy, in Chapter 5 are 

shown the results and described some considerations regarding to the application of 

the proposed strategy in DARwIn OP (DARwIn OP (Dynamic Anthropomorphic Ro-

bot with Intelligence – Open Platform) robot and Exo-H2.  

Locomotion mode recognition is described in Chapter 6, being presented a state of 

the art of all possible methods to be applied in order to compute each procedure that 

integrates the second locomotion strategy referred in this thesis (locomotion mode 

recognition). Subsequently, in this chapter is presented the implemented algorithm to 

compute the locomotion mode recognition, satisfying the requirements of Exo-H2. 

Also, are discussed the results and the corresponding critic analysis of implementation 

of this gait processing during assistive walking.  

The conclusions of this work are made in Chapter 7. Finally, the proposals to con-

tinue this work in the future are written in this chapter too. 
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Chapter 2 – Rehabilitation and Assistive Lower 

Devices 

In this chapter are presented the main reasons and advantages of the rehabilitation 

of gait impairments by means of therapeutic training with lower limb exoskeletons. 

Also, it is depicted a general overview of the exoskeletons with rehabilitation purpos-

es. The current European projects with intent to develop or improve these assistive 

devices are also highlighted.  

2.1.General literature overview 

A number of neurological injuries have been investigated in order to improve the 

early diagnose techniques and to develop and/or to assess the treatment procedures. 

Specially, from gait pathologies are highlighted: stroke; poliomyelitis (polio); SCI; 

Parkinson disease (PD); CP;  multiple sclerosis; hip and knee osteoarthritis; muscular 

dystrophy; gait degeneration in elderly subjects; rheumatoid arthritis; degenerative 

joint disease; and, myelomeningocele [19].  

The tendency is that the prevalence of aforementioned walking diseases continues 

to grow with the population ageing, resulting in gait degeneration [20, 2]. Recent sta-

tistic studies showed that the ratio of people older than 65 years reached 17.5% in Eu-
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ropean Union in 2011, and is estimated to reach 29.5% in 2060 [21]. Thereby, it is 

crucial the continuous development of early diagnosis techniques and effective treat-

ment procedures to recover the gait ability in short time.  

According to clinicians [6], the therapeutic training realized by means of assistive 

devices is a solution that can solve the majority of these issues and allow the older 

people to maintain their independence and their quality of life. Effectively, the gait 

training has shown to be capable to provide to patients with neurological injury im-

provements in the walking independence, gait speed, timed distance walking, gait ef-

ficiency, maximal aerobic capacity, and daily stepping activity [22]. 

The former rehabilitation strategy of gait abnormalities used manual-assisted 

treadmill training, which usually requires many therapists to perform the training. Be-

sides, these trainings are short in time due to the effort therapists need to do, and are 

asymmetric due to assistance of two different therapists in each limb. Additionally, 

this training can only be done in the hospitals and not during daily live activities, pre-

senting high health care cost.   

In order to overcome these limitations, exoskeletons for motor rehabilitation pur-

poses have been proposed with huge potential, since these devices can automate and 

repeat the trainings, with unlimited duration of time and symmetric assistance, repre-

senting a more effective and a cheaper form of rehabilitation.  

The initial studies of locomotion assistance with active lower-limb devices date 

back to 1960s, with military and clinical purposes [23, 24]. The active lower-limb de-

vices cover two types of robotics devices, the orthoses and the exoskeletons. Both are 

defined as mechanical devices that are essentially anthropomorphic in nature, and fit 

closely to the body, and work in concert with the operator's movements [25].  In gen-

eral, the term ‘orthosis’ is used to describe a device that modifies the structural and 

functional characteristics of locomotion system of a subject with limb pathology [26, 

25]. Whereas, the term ‘exoskeleton’ is typically used to describe a device that oper-

ates according to the user’s movements or intentions, thereby augments the perfor-

mance of an able-bodied wearer [24, 25]. In this thesis, the developed work addresses  

exoskeletons, and for this reason a survey of these devices will then be highlighted. 

As pointed out in the literature [27], an exoskeleton design should be ergonomic, 

comfortable, lightweight, safe, with a strong structure and adaptable to different users. 

Also, these robotic devices are designed to cope with specific working conditions, 

such as: the need to accommodate the human body; to be compliant, light and intrin-
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sically safe enough to be worn by a user; provide an assistance closest to normal lo-

comotion; and to be equipped with the requisite interfaces (a large number of sensors 

and actuators) to enable easy intuitive control by a human (bioinspired control). Thus, 

an exoskeleton should include actuators, hybrid hydraulic-electric portable power 

supply, visco-elastic components, embedded sensors and control layers [25]. 

There is a bidirectional interaction between the exoskeleton and the human, i.e., 

the robot provides mechanical power to the human and receives the intended move-

ment from the user [28]. Thus, the assistive device should integrate a control layer 

divided in three levels. At the high-level, the controller must recognize the current 

user locomotion intention and the obstacles present in gait environment, through 

methods of gait mode recognition (e.g. FSMs, machine learning approaches and sta-

tistics methods) [6]. The mid-level controller translates the user motion intentions 

from the high to low-level [6]. The low-level controller computes the error amongst 

desired and current state, and based on this information sends commands to actuators 

to reduce the error through mechanic properties of the device, providing mechanical 

power to the human [6]. Therefore, the control layer interprets information of embed-

ded sensors and decides when and how to deliver mechanical power to the user [28].  

By means of bidirectional interaction, the exoskeleton can provide an autonomy 

level during daily life to people with gait disabilities, due to capacity of assistance in 

different common motion tasks, such as: walking; running; sit-to-stand/stand-to-sit; 

ascending/descending stairs; and others.  

Safety is one of the most important feature in robotic exoskeletons. Since the de-

vice goes attached to the humans limbs, it should be very compliant with user’s 

movements. Specially in exoskeletons for clinical applications, where patients can 

have some physical limitations or weakness, safety features should be incorporated in 

different levels, including the exoskeleton control system [29].  

However, stabilization and physical guidance of the trunk and lower limbs through 

prescribed movement trajectories can minimize movement variability, which is 

thought to be a critical feature underlying motor learning. Providing such assistance 

may also reduce the muscular and metabolic demands associated with stepping [22]. 

Also, there are other factors that continue to limit the performance of exoskeletons, 

such as: powered devices are often heavy with limited torque and power; current de-

vices are unnatural in shape and noise; there is a lack of direct information exchange 

between the human wearer's nervous system and the robotic device [25]. 
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Currently, there are a number of exoskeletons for assistance and rehabilitation pur-

poses. Lokomat and LOPES (LOPES (LOwer extremity Powered ExoSkeleton) allow 

relieve the repetitive and heavy rehabilitation work of physical therapists while im-

proving the neurological recovery efficacy of the patient. ATLAS, ReWalkTM and 

eLEGs aim to help paraplegic or quadriplegic people to regain locomotion ability in 

daily life. Also, the Hybrid Assistive Limb (HAL) exoskeleton is used to provide ad-

ditional power for walking or stair-climbing of people suffering from muscular weak-

ness (e.g. elderly persons). Note that LOPES and ALEX II are systems which enable a 

rehabilitation treatment that overrides the user’s volitional movements in order to help 

them recover from motor damages, and therefore the human-robot interaction not so 

much bidirectional [28].  

According to the number of assisted joints the exoskeletons can be divided in mul-

ti-joint and single-joint exoskeletons. 

2.1.1.Multi-joint exoskeletons  

Multi-joint exoskeletons are WRs covered by different mechanical joints, such as:  

trunk-hip-knee-ankle-foot (THKAF); hip-knee- ankle-foot (HKAF); trunk-hip-knee 

(THK); hip-knee (HK); and knee-ankle-foot (KAF). Figure 2.1 depicts the localiza-

tion of mechanical joints of several kinds of multi-joint exoskeletons over human 

body.  

Figure 2.1 Localization of mechanical joints of multi-joint exoskeletons over human 

body. Taken from [28]. 
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Regarding to rehabilitation scope, the multi-joint exoskeletons have been devel-

oped mainly to provide extra locomotion energy for healthy young and elderly people, 

and also to aid paraplegic or lower-limb impaired patients to regain independent mo-

bility [28]. Some examples of multi-joint exoskeletons can be found in Figure 2.2.  

ATLAS (presented in Figure 2.2.a)) is a THKAF exoskeleton formed by 3 degree 

of freedom (DOFs) for each leg (hip, knee and ankle) [30]. It is particularly focused in 

assistance of children suffering from quadriplegia, providing active motion for the hip 

and knee flexion/extension and ankle flexion/extension under-actuated by connecting 

to a linkage between the thigh and shank. The motion of the joints is driven by elec-

trical motors at the hip, knee and ankle. It is composed by goniometers at the hip, 

knee and ankle of the user to measure joint angles, an inertial measurement unit 

(IMU) at the torso, and an in-shoe plantar pressure measurement system at each foot 

[30]. An impedance controller is programmed to follow natural joint trajectories 

which have been obtained making use of clinical gait analysis data (employs two 

FSMs to separately tune the hip and knee joints trajectories recorded from healthy 

children), while reacting compliantly to small perturbations in the sagittal plane 

(plane that divided the body in right and left portions, as described in Chapter 3) [31].  

HAL, presented in Figure 2.2.b), is developed to physically augment joints power 

of healthy people, or assist people affected by gait disorders to move and execute dai-

ly living activities [32, 24]. Different types of HAL were developed: a HKAF exo-

skeleton; and a single-leg device. When HAL targets to aid people having difficulties 

in walking, an autonomous controller is used to provide assistance on the hip and 

knee joints, while the ankle joint behaves passively as a spring [32, 24]. The hip and 

knee joints of HAL are controlled based on swing phase and stance phase. The de-

sired joint patterns are pre-recorded from a healthy subject and are allocated to these 

two gait phases by a real-time intention estimator (understanding user’s start walking, 

stop walking, leg swing) which counts on floor reaction force and torso angle [28]. 

The motion support of HAL is activated consistently with the user’s motion intention 

which could be estimated by the knee flexor bioelectrical signals [28]. This WR is 

composed by angular sensors, acceleration sensors and floor reaction force sensors.  

Mina, presented in Figure 2.2.c),  is an exoskeleton with two actuated DOFs: hip 

flexion/extension and knee flexion/extension. It is aimed to provide mobility assis-

tance for people suffering from paraplegia or paresis [28]. Its control method moves 

the user’s legs by replaying pre-recorded hip and knee joint trajectories of a healthy 
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people wearing Mina in zero assistance mode. When trajectories are replayed in real-

time practice, the wearer has to collaborate with the exoskeleton dynamically, unload-

ing the upcoming swing leg by means of adjustment of his/her torso position [28].  

MINDWALKER, presented in Figure 2.2.d), is a powered THKAF exoskeleton 

designed for paraplegics to regain locomotion capability. It is formed by 5 DOFs at 

each leg, with hip flexion/extension and abduction/adduction and knee flex-

ion/extension powered by series elastic actuators (SEA), while hip rotation and ankle 

dorsiflexion/plantarflexion are passively sustained with fixed stiffness [33].  During 

swing phase, the hip and knee joint trajectories are predefined by recording the gait 

patterns of a healthy people walking with MINDWALKER in zero assistance mode. 

During stance phase, the joints trajectories are also predefined to keep the user-

exoskeleton system in an equilibrium posture. To prevent the user falling, the hip ab-

duction/adduction is also adjustable online by using a XCoM algorithm (extrapolated 

center of mass, suggesting a simple form to enable balance walk) [28].  

ReWalkTM, presented in Figure 2.2.e), is a powered exoskeleton to assist individu-

als with thoracic-level complete SCI, formed by 6 DOFs (hip, knee and ankle in each 

leg).  The hip and knee joints of this exoskeleton are powered and controlled towards 

a pre-defined trajectory [34]. With a wrist-pad controller, the user can activate the ro-

botics system to perform stand, sit or start walking; with a torso tilt sensor, the user 

can trigger step to step transition during walking [28].  

eLEGS (presented in Figure 2.2.f))  is a THKAF exoskeleton, which is developed 

to support patients who have difficulties in lower-limb functions of sitting, walking, 

and standing (e.g. subjects suffering of SCI). The hip and knee flexion/extension are 

actuated, while ankle dorsiflexion/plantarflexion is passively actuated with a spring. 

The onboard computer utilizes sensors to observe the user’s intentions of locomotion, 

and then assists them accordingly in real time. A FSM is used to determine the 

movements of the two exoskeleton legs based on embedded sensors. In fact, during 

walking, one stride cycle is separated into four states: left swing; left double stance; 

right swing; and right double stance. Stance to swing transition is triggered by the us-

er moving his/her crutches and shifting his/her body weight; swing to stance transition 

is triggered by heel-strike event detection (this gait event is described in Chapter 3) 

[35].  

Wearable Walking Helper (WWH), presented in Figure 2.2.g), is a wearable gravi-

ty-compensating HK exoskeleton developed to assist the locomotion activities of dis-
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abled and elderly people. The knee joint part has 1 DOF rotating around the knee joint 

on sagittal plane. The hip joint part has 2 DOFs (flexion/extension and abduc-

tion/adduction) not to restrict the user’s natural motion. In order to be an antigravity 

exoskeleton, the torque provided by this WR is proportional to the torque calculated 

based on an approximated human body model, accounting with user’s posture and 

motion [36].  

Walking Power Assist Leg (WPAL), presented in Figure 2.2.h), is a wearable HK 

exoskeleton, developed to provide assistance to people with walking disorders due to 

ageing or paralysis. WPAL realizes a compliance control using joint angles, velocity 

and interaction forces information [37]. This information is provided by force sensors 

on the thigh and lower leg and encoders at joint angles [28].  

eXoskeleton Robot (XoR), presented in Figure 2.2.i), allows postural control of el-

derly people and persons with mobility disability. The generated torque is calculated 

based on a bio-mechanical model. The user’s posture is given by joint angles and 

ground reaction forces while the motion intention is estimated based on electromyog-

raphy (EMG) signals.  XoR implements a hybrid driving concept combining pneu-

matic artificial muscles and electric motors, acting as a gravity balancer and as a dy-

namic compensator, respectively [38].  

   Figure 2.2 Examples of multi-joint exoskeletons: a) ATLAS; b) HAL; c) Mina; d) 

MINDWALKER; e) ReWalkTM; f) eLEGS; g) WWH; h) WPAL; and i) XoR. Adapted from [28, 

30, 32, 37].  
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Other lower limb exoskeletons (as the BLEEX, Sarcos and MIT) have been devel-

oped from a program sponsored by the Defense Advanced Research Projects Agency 

(DARPA) called Exoskeletons for Human Performance Augmentation.  The program 

is focused on augmenting the performance of soldiers during load-carrying, increasing 

the size of the load that can be carried, and reducing the fatigue on the soldier during 

the load-carrying task [24].  

2.1.2.Single-joint exoskeletons  

Lower-limb single-joint exoskeletons are devices with only one assisted joint al-

ways in sagittal plane, which can be divided into hip, knee or ankle systems. Due to 

assistance in distinct joints, these exoskeletons present different rehabilitation con-

texts according to functions of joint during the walking. In fact, the knee joint is most-

ly a free-damping joint in the swing phase, while almost locked during the stance 

phase. On the other hand, hip and ankle joints are mostly related to the swing dynamic 

handling and the stance-phase ground propulsion, respectively [28]. It is important to 

mention that the muscle stiffness control and proportional myoelectric control are on-

ly applied in single-joint devices, since they need reference muscles (the muscle asso-

ciated to each joint) to set the level of assistance [28].  

Figure 2.3 presents LOPES, ALEX II and TUPLEE single-joint exoskeletons, 

which will be described in the following.  

LOPES [39] (presented in Figure 2.3.a)) is a THK frame-based treadmill-mounted 

exoskeletons with actuated hip flexion/extension and abduction/adduction, and knee 

flexion/extension (6 DOFs). It has been placed in the single-joint system section, 

since the adaptive oscillators-based assistive protocol tested with this exoskeleton is 

only applied to the hip, without any influence from the other lower-limb joints, nor by 

the help of ground reaction forces sensors [40]. The control is realized in a model-free 

mode: in real-time operation, adaptive oscillators are adopted to extract the phase and 

frequency of hip joint angle. Then, this information is fed to a kernel filter estimating 

the predicted hip joint angle without delay. The desired joint torque is computed as to 

attract the hip joint to its predicted angular position, by multiplying the difference be-

tween predicted and current hip joint angles with a virtual stiffness [28].  

ALEX II [41] (presented in Figure 2.3.b)) is a treadmill-based THK unilateral exo-

skeleton, whose weight is supported by an external frame. This exoskeleton is used as 

a hip flexion/extension assistive device, purely based on the hip joint characteristics 
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[41]. The control architecture of ALEX II learns new gait patterns using force-field 

controllers that assist the user’s movements as needed. Thus, this control strategy uses 

an assist-as-needed algorithm that provides less encumbered motion for its users [29]. 

The control paradigm aims to exert a hip torque based on online gait analysis results, 

with the current percentage of gait cycle furnished by the adaptive oscillators: the gait 

stride initiation is detected by a foot-pressure, then an adaptive frequency oscillator is 

utilized to track the hip joint angle signal and extract its periodicity features, detecting 

also the instantaneous walking speed [28].  

TUPLEE [42] (presented in Figure 2.3.c)) is a mono-lateral knee exoskeleton that 

acts in the knee flexion/extension through a linear actuator. It should support the sub-

ject's muscles in the lower extremities with additional forces by electrical actuators. 

Its controller uses a simplified bio-mechanical model which calculates the current de-

sired torque based on estimated muscular torque through EMG signals [42]. Since the 

controller directly depends on the EMG activity, TUPLEE is suited for healthy peo-

ple, or subjects with residual voluntary muscular control [28].  

 

2.1.3.Static and ambulatory lower limb exoskeletons 

Exoskeletons can also be divided in static and ambulatory devices, depending if 

the training is done in clinical laboratories or can address daily activities.   

In order to overcome the limitations of manual-assisted treadmill training (above 

mentioned) static lower limb exoskeletons, as the Lokomat, LOPES and ALEX II, 

have been developed. These provide therapeutic trainings with the following ad-

Figure 2.3 Examples of single joint exoskeletons: a) LOPES, b) ALEX II, c) TUPLEE. 

Adapted from [28, 39].  
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vantages: automatic; symmetric; safety; repeatability; unlimited duration of training; 

adapting the gait to the type of patient – target training; and also provide a body- 

weight support (BWS) system.  

Lokomat (Hocoma, Volketswil, Switzerland) [43], showed in Figure 2.4, is the 

first WR to assist walking movements of gait impaired patients on the treadmill, being 

composed by a treadmill and a BWS system [44]. It has 4 DOFs, allowing the move-

ment control of hip (1 DOF for each limb) and knee (1 DOF for each limb) joints in 

the sagittal plane, through DC motors. The Lokomat is equipped with force sensors 

that accurately measure the patient's strength and effort, and provide information 

about the interaction between the patient and the Lokomat [43]. Through BWS sys-

tem, Lokomat is capable of applying guidance force to human-robot interaction, i.e., 

the amount of aid the patient receives during the walking [45]. A value of 100% of 

guidance force corresponds to a strict guiding of the exoskeleton; whereas a value of 

0% corresponds to free run mode (allows the user to move more freely and actively) 

[45]. For rehabilitation purposes it is important to assist the patent only as much as is 

needed to accomplish the tasks.  

This robotic device provides postural control, propulsion, coordination, stepping, 

and also allows the adjustment of the force, BWS and speed of the training, according 

to the desired rehabilitation for each subject [44]. Husemann et al. [44] assessed the 

locomotion training by means of Lokomat and concluded that it provides a more sup-

portive environment. Therefore, patients more severely affected by hemiparesis can 

be better treated than on the treadmill alone [44]. This finding indicates that Lokomat 

therapy was significantly more effective in improving gait pattern than conventional 

physiotherapy.  
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As previously mentioned, LOPES is a frame-based treadmill- mounted exoskeleton 

that contains more DOFs than Lokomat, which can increase the benefits of rehabilita-

tion. These extra DOFs allow the translation of pelvis in the transverse plane and also 

the abduction and adduction of the hip in the coronal plane (plane that divided the 

body in front and back portions, as described in Chapter 3) [46]. 

Although the static lower limb exoskeletons can alleviate the physical effort re-

quired to therapists and provide intensive training, the motivation and participation of 

patients are not always achieved. Active subject participation in robotic gait therapy is 

vital to many of the potential recovery pathways, and therefore it is an important fea-

ture of gait training [18, 47].     

As an alternative to the static gait training offered by these platforms, ambulatory 

exoskeletons have been developed, providing the capability of overground walking. 

Two main objectives are targeted with ambulatory exoskeletons: gait compensation 

(which is understood as a replacement for lost movements); and gait rehabilitation 

[29]. In fact, the ambulatory devices besides of allow the training takes place any-

where and at any time (i.e., rehabilitation in real-environment), also provide a more 

effective training.  

Those robotics devices are usually called WRs, and all multi-joint exoskeletons 

presented in Figure 2 are examples of ambulatory lower limb exoskeletons.  

 

Figure 2.4 Lokomat, a static lower limb exoskeleton, formed by treadmill and body weight 

support system. Taken from [43].  
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2.1.4.Future designs 

News designs of lower limb exoskeletons for rehabilitation purposes continue to be 

developed, with improvements in terms of battery and DC motor technology, embed-

ded sensors, control strategy, actuators, and others. Additionally, it is important the 

establishment of gait models based on actual machine elements that capture the major 

features of human locomotion. These may enhance the understanding of human leg 

morphology and control, and lead to analogous improvements in the design of effi-

cient exoskeletons. The design and adaptation according to the muscular coordination 

of the patient is another aspect to have in consideration during the development of  

exoskeletons.   

Additionally, in the future file-to-factory rapid processes may be employed for the 

design and construction of exoskeletons. In this framework, a three dimensional (3D) 

scanning procedure would produce a digital record of the human body's outer shape. 

Also, compliant artificial muscles, sensors, electronics and power supply would be 

embedded within the 3D construct, offering full protection of these components from 

environmental disturbances, as the dust and moisture.  

2.2.European projects with scope of rehabilitation using 

lower limb exoskeletons 

Currently there are a number of researches focusing for rehabilitation purposes by 

means of lower limb exoskeletons, including the projects supported by Seventh 

Framework Programme of Commission of European Union. The overall focus of this 

investigation in support of disabled people is to minimize the impact of neurological 

disorders on quality of life, due to the large frequency of the gait pathologies and the 

high healthcare cost associated. 

In order to understand the actual development of this scope, in this sub-section are 

highlighted the main European Projects presented on CORDIS [48], which are exclu-

sively addressed to improve and adapt the portable exoskeletons to assist people dur-

ing daily living activities. These results are summarized in Table 2.1. 
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Table 2.1 Current European projects, supported by Seventh Framework Programme of Com-

mission of European Union, with the scope of to improve/develop lower limb exoskeletons for reha-

bilitation purposes 

European Project Goals Approaches and proceedings 

BALANCE [49] 

Balance Augmenta-
tion in Locomotion, 
through Anticipa-
tive, Natural and 
Cooperative control 
of Exoskeletons 

 
 

Start date: 
2013-01-01 

 
End date: 

2017-02-28 

To develop an exoskeleton 
that improves the balance 
performance of humans while 
standing and walking in a 
clinical, real all-day life or 
work environment. 

The exoskeleton will be hu-
man-cooperative. This means 
that the exoskeleton will sup-
port the user, but not fully 
take over the control when 
this is not needed.  

The final system will be 
evaluated both on healthy 
users and on users with neu-
rological impairment.  

The ultimate goal is to have a 
safety exoskeleton with sup-
port the postural bal-
ance performance, and also a 
device that cooperates with 
the user. 

To understand the human control of postural 
balance, identifying specific postural balance 
supporting mechanisms (like reflexes or or-
ganizing principles or strategies), partly 
through experiments, partly through model 
studies. 

To use this knowledge to develop a bipedal 
control approach that reaches the same or sim-
ilar performance as humans, evaluated on bi-
pedal robots and exoskeletons. 

To implement both anticipatory and reactive 
balancing mechanisms, including impedance 
adjustment and corrective stepping. 

To implement a "sense of balance" and "sense 
of human motion intentions" through sensor 
fusion techniques and data analysis. 

To realize a platform-independent control 
strategy and architecture in order to move exo-
skeletons-for-walking toward real life applica-
tions. 

To develop a control strategy to support the 
human postural balance control through a real 
exoskeleton, in a cooperative control fashion, 
based on impedance adjustment control, and 
based on the results from the points above. 

Evaluate the developed concepts in subjects 
walking with the developed exoskeleton. 

Symbitron [50] 

Symbiotic man-
machine interactions 
in wearable exoskel-
etons to enhance 
mobility for para-
plegics 

Start date: 
2013-10-01 

 
End date: 

2017-09-30 

To develop a safe, bio-
inspired, personalized weara-
ble exoskeleton that enables 
SCI patients to walk without 
additional assistance, by 
complementing their remain-
ing motor function. 

To develop training environ-
ments and training protocols 
for SCI patients and their 
clinicians. 

To provide clinical proof of 
concept for safety and func-

To develop an integrated neuromuscular mod-
el that describes the physiology of healthy 
versus impaired human gait. 

To design and manufacture personalised mod-
ular exoskeletons that compensate for SCI 
impairments 

To develop personalised human inspired neu-
ro-muscular controllers for the wearable exo-
skeletons. 

To optimise the design & control, and bi-
directional symbiotic man-machine interaction 
of wearable exoskeletons. 
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tionality of the system. 

 

To determine the safety and functionality of 
the personalised SYMBITRON wearable exo-
skeletons in a clinical study.  

BioMot [51] 

Smart WRs with 

Bioinspired Senso-

ry-Motor Skills 

 

 

 

Start date: 
2013-10-01 

 
End date: 

2016-09-30 

To improve existing wearable 
robotic exoskeletons exploit-
ing dynamic sensory-motor 
interactions and developing 
cognitive capabilities that can 
lead to symbiotic gait behav-
iour in the interaction of a 
human with a wearable robot. 

To improve the human-robot 
interaction by means of mix-
ture of bioinspired control, 
actuation and learning ap-
proaches. 

The exoskeleton will be ap-
plied in two scenarios:  

1) assist the gait training 
after incomplete SCI, or 
subjects in post-stroke;  

2) assist and monitor the 
user while performing a 
task, optimizing the ef-
ficiency in human-robot 
cooperation.  

The ultimate goal is to deliver 
novel ambulatory wearable 
exoskeleton technology that 
exploits neuronal control and 
learning mechanisms and 
provides a) more energy effi-
cient cooperative (human-
robot) performance, and b) 
adaptive assistance based on 
the user's residual and volun-
tary action. 

Realization of experimental studies will be 
conducted with healthy and pathological sub-
jects to gather data for simulation and testing 
of gait processes with electrophysiological and 
biomechanical representations. 

To design actuator structures with the variable 
impedance for the required flexibility and 
adaptability of the experimental conditions. 

Development of detailed neuromusculoskele-
tal model of human-robot interaction that 
computes neuromuscular activity (surface 
electromyography, EMG). 

To use this knowledge to predict joint mo-
ments and hence the BioMot's exoskeletons 
apply adaptive assistance as a function of real-
time estimation of human effort.  

Gait detection algorithms based on human 
performance (brain signals, EEG) and embed-
ded sensors (kinematic and kinetic) are devel-
oped for decision making, handling transitions 
or volitional changes in the task (such as gait 
speed).  

Local reflex-based joint controllers are de-
signed to allow for automatic adaptation when 
confronting changes in the interaction.  

At the physical level, intrinsically compliant 
actuators are developed to exploit natural dy-
namics of movement, orchestrated by the con-
trol system for economy and stability.  

To analyse the experimental integrated sys-
tems and conduct experimentation to reveal 
basic principles governing human locomotion 
with the novel smart WRs equipped with bio-
inspired sensory motor skills. 
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From Table 2.1 it is feasible to conclude that the BioMot and Symbitron European 

projects are more focused in assistance of subjects with SCI (also subjects with stroke 

in case of BioMot), whereas the BALANCE project intents to improve the postural 

balance of either healthy subjects or patients with gait impairment. However, the three 

research projects integrate a bioinspired control, i.e., a control layer that processes 

biomechanical signals, mainly the electrophysiological signals, in order to provide an 

adaptive assistance according to current human-robot performance. Thus, it is pro-

moted a human-exoskeleton cooperative interaction during assistance in a clinical or 

daily life environment.  

Effectively, the main objective of BioMot project is to improve the existing WR 

exoskeletons by exploiting dynamic sensory-motor interactions and by developing 

cognitive capabilities that lead to symbiotic gait behavior in the human-robot interac-

tion. Subsequently, the consortium of this project intends to develop a new WR, 

which integrates: assist-as-needed control strategies; leading to an active participation 

of the patient during the rehabilitation task; and provides actuation on the ankle joint 

(which is not usually present on rehabilitation overground in exoskeletons) in order to 

overcome the problems of subjects with foot drop (a gait disorder that results from 

stroke) through real-time strategies. Also, it is planned that the BioMot exoskeleton 

will be an ambulatory device with a lightweight and compact design, will be easily 

adjusted to be worn by persons with different heights, and also will not require noth-

ing to be worn over the shoulders and nothing above the lower back, which presuma-

bly renders the user more comfort when using the device.  

The developed approaches with this thesis are included in the BioMot project [51], 

mainly in WP 6. In Chapter 4 it will be presented the description of the adopted solu-

tions to suit some of the goals of WP6 of BioMot project.   
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Chapter 3 – Human Walking 

In the field of WRs, the human-robot interaction is a key issue. In this context, bio-

inspired or biomimetic design is of special importance for purposes of reproducing 

human functions or copying human actions respectively. Therefore, besides a solid 

knowledge of robotic techniques, research and development in this area also requires 

some background in anatomical behaviour of the human walking.  

Thus, in this chapter it will be presented a general overview about basic anatomic 

concepts relative to human walking and the muscles and joints involved in this human 

task, as well as it will be highlighted the most common gait pathologies and their re-

spective alterations on gait pattern.  

3.1.General overview 

The gait is the movement pattern of the body from one place to another, which de-

pends on the subject anatomy /physical condition and the ground [52]. The time inter-

val of a single sequence of limb movements performed by one limb is designated as 

gait cycle [53, 52]. There are many types of human gait, as walking, skipping, run-

ning, but this dissertation is focused in human walking as gait type. 
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Walking is a complex and common human physic activity, which uses a repetitive 

sequence of lower limb motions to move the body forward, maintaining the postural 

stability [52]. The basic locomotor pattern is walking forward on level ground.  

During walking the body functionally divides itself into two units, passenger and 

locomotor, according to biomechanical sub-tasks. The passenger unit, formed by 

head, neck, trunk and arms, is responsible for his own postural integrity [53]. The two 

lower limbs and pelvis are the anatomical segments that form the locomotor system, 

which accomplishes four distinct functions: propulsive force for forward motion; up-

right stability; minimization of the shock of floor impact; and energy conservation in 

a manner that reduces the amount of muscular effort required. The accomplishment of 

each function depends on a distinct motion pattern [53].  

Due to several factors, such as the fatigue and walking speed, the same gait move-

ment may be achieved in a number of different ways; so that two people may walk 

with the same normal gait pattern but using different combinations of muscles. 

 

All voluntary movements, including walking, results from a complex and coordi-

nated process that includes the brain, spinal cord, joints, bones, and their surrounding 

tissues, such as: cartilage, muscles, ligaments muscles and peripheral nerves [52, 54]. 

The sequence of events that must take place to generate human walking, depicted in 

Figure 3.1, is as follows [55]:  

 Registration and activation of the gait command in the central nervous system; 

 Transmission of the gait signals to the peripheral nervous system; 

 Contraction of muscles that develop tension; 

 Generation of forces at, and moments across, synovial joints 1; 

 Regulation of the joint forces and moments by the rigid skeletal segments; 

 Movement of the segments such that functional gait is recognized; 

 Generation of ground reaction forces.  

                                                 
1
 the most movable type of joint in the body of a mammal. It is formed by synovial cavity (between 

articulation bones), synovial fluid, articular capsule and articular cartilage.  
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The motion of the limbs is described using reference planes, which consist of: sag-

ittal plane (or medina plane), that divides the body into right and left halves; coronal 

plane (or frontal plane), that divides a body into front and back portions; and trans-

verse plane (or horizontal plane when in the standing position), that divides a body 

into upper and lower portions [52]. The anatomic position of these three references 

planes is shown in Figure 3.2. 

Usually the sagittal plane is the one most used since it is where much of the 

movement takes place. However, there are certain pathologies in which another plane 

(e.g., the coronal, in the case of bilateral hip pain) would yield useful information 

[55].  

 

 

 

 

 

 

 

 

 

Figure 3.1 Sequence of events that must take place to generate human walking. Taken from [55]. 

Figure 3.2 Anatomic position with three references planes. Taken from [52]. 
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3.2.Events and gait phases  

Each gait cycle of human walking is divided in two major periods: the stance, pe-

riod during which the foot is on the ground; and the swing, period during which the 

foot is in the air for limb advancement [53, 55]. It is noted that the swing phase corre-

sponds to a less stable walking moment due to a higher center of gravity [1]. These 

two gait periods present a sequence of gait phases, as depicted the Figure 3.3, whose 

transitions are marked by gait events.  

In fact, the stance phase may be subdivided into three separate phases [55]: 

 First double support (0-10%): when both feet are in contact with the ground, 

increasing the walking stability;  

 Single support (10-50%): when only the leading  limb is in ground contact 

and the opposite leg is swinging; 

 Second double support (50-60%): when both feet are again in floor, increas-

ing the walking stability.  

 

Figure 3.3 shows that both stance (from 0% to 60% of gait cycle) and swing (from 

60% to 100% of gait cycle) sub-phases can be further subdivided into other five and 

three phases, respectively. In the following it is presented the description of all gait 

phases according to [55, 52, 1, 53].  

 

 Initial contact (0-2%): corresponds to the first moment in which the foot of 

leading limb (marked in Figure 3.3) touches the floor, and thus this limb is prepared 

to start stance phase; 

 Loading response (2-10%): is the initial double support period, i.e., the phase 

begins with initial floor contact of leading limb and continues until the other foot is 

lifted for swing. This phases is responsible for shock absorption, provides forward 

propulsion and stability; 

 Mid stance (10-30%): begins when the opposite foot lifts and continues until 

body weight is aligned over the forefoot. This phases provides progression and trunk 

stability; 

 Terminal stance (30-50%): starts with heel rise of leading limb and contin-

ues until the opposite foot strikes the ground, with transference of body weight for the 

ahead  of the forefoot;  
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 Pre-swing (50-60%): corresponds to the moment of the transition from stance 

to swing phase, presenting the aim of preparing the leading limb for swing phase. It 

begins with initial contact of the opposite limb and ends with ipsilateral TO.  

 Initial swing (60-73%): begins with lifting of the foot from the floor and ends 

when the swinging foot is opposite to stance foot. It contributes for foot clearance of 

the floor; 

 Mid-swing (73-87%): phase in which the swinging limb passes the opposite 

stance limb. The phase ends when the swinging limb is forward and the tibia is verti-

cal (i.e., hip and knee flexion postures are equal); 

 Terminal swing (87-100%): when the leading limb is decelerated in prepara-

tion for the stance phase. It begins with a vertical tibia and ends when the heel strikes 

the floor. 

 

 
Figure 3.3 Normal gait cycle formed by stance and swing periods and respective gait phases. 

The leading limb (right lower limb) during gait cycle is marked Adapted from [55]. 

 

There are events that are responsible for the transition of gait phases. Figure 3.4 

describes this relationship. The nomenclature of these events is self-descriptive and is 

based on the movement of the feet. Four events are considered, which are:  
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 Heel-strike (HS): event that corresponds to first ground contact of the leading 

limb, and represents the point at which the body’s centre of gravity is at its lowest po-

sition. By definition, a normal gait cycle ends and begins with the HS [53, 55, 1]; 

 Foot-Flat (FF): it happens when the plantar surface of the foot places on the 

ground so that the leading limb can take over the body weight [1, 55].  

 Heel-off (HO): is the moment at which the heel lifts from the ground and the 

push-off is initiated by means of the triceps muscles. Thus, at this moment starts the 

plantarflexion of ankle joint [1, 55]. 

 Toe-off (TO): event that corresponds to the instant of time that the foot leaves 

the ground, completing the stance phase and beginning the swing phase [1, 55].   

 

 

3.3.Joints and muscles of lower limb 

As aforementioned, the muscles and joints of lower limbs integrate the complex 

and coordinated process of generating the human walking. Although these elements 

have anatomic differences in structural and functional terms, they both contribute to 

segments movement.   

Figure 3.4 Gait phases and corresponding events during one gait cycle. The right limb is 

marked with black and the left one with light grey. Taken from [1]. 
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3.3.1.Joints  

A joint occurs where one bone is in contact with another [52], and therefore the 

lower limbs are formed by five joints: sacroiliac; hip; knee; ankle; and subtalar. In this 

thesis are just considered the hip, knee and ankle joints. Each joint can only move in 

one or two of the references planes (presented in Figure 3.2), being the feasible 

movements the following [52]:  

 Flexion and extension corresponds to decrements (positive direction in Fig-

ure 3.5) or increments (negative direction in Figure 3.5) of the angle between the 

limb’s segment that moves and the limb’s segment that stays fixed in the sagittal 

plane, respectively. Regarding the ankle joint, the decrease (negative direction in Fig-

ure 3.5) of the angle between the segments is called dorsiflexion and the increase 

(positive direction in Figure 3.5) of the angle is called plantarflexion.  

 Abduction and adduction are movements of hip and knee joints in the coro-

nal plane. Abduction (positive direction in Figure 3.5) is the motion of the hip away 

from the center of the body and adduction (negative direction in Figure 3.5) is the mo-

tion of the hip in direction to the center of the body.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 3.5 Movements of the hip, knee and ankle joints. Adapted from [52]. 
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3.3.2.Muscles  

The human body contains three types of muscles: smooth, cardiac and skeletal. 

The skeletal muscle, also known as voluntary or striated muscle, is the responsible for 

the movement of the limbs [52]. 

There are 28 major muscles involved in the human gait [56, 55], as depicted in 

Figure 3.6. It is verified that some of these muscles are classified in two categories: 

quadriceps muscles and hamstrings. Quadriceps muscles, composed by rectus femo-

ris, vastus lateralis, vastus medialis, vastus intermedius, is a group of extensors of the 

knee joint [52]. Hamstring muscles are composed by semimembranosus, semitendi-

nosus and biceps femoris.  

 

 
Figure 3.6 Anterior and posterior view of lower limb muscles (superficial). Taken from [52]. 

 

A number of studies suggest that the nervous system controls the motor tasks using 

a low-dimensional modular organization of motor modules and activation signals. In-

deed, muscle module (or synergy), initially proposed by Bernstein [57], explains as 

the central nervous system organizes the neuronal responses corresponding to desired 

movements, coordinating a large number of degrees of freedom of the musculoskele-

tal system [58, 59].  
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Clark et al. [60] and Neptune et al. [61] concluded that in order to healthy subjects 

walk at self-selected speed, four modules were required to reconstruct unilateral lower 

extremity muscle activation. Each module is consistent with the biomechanical sub-

tasks of walking, as indicated in Figure 3.7 [61]. In fact, the activation and deactiva-

tion of lower limb muscles during walking varies according to the phase of the gait 

cycle. 

Module 1 (dark blue color in Figure 3.7) consists mainly in the activation of glute-

us, vastus medialis and rectus femoris during the early stance. It likely provides body 

support during weight acceptance [61].  

Regarding module 2 (red color in Figure 3.7), it activates the soleus and medial 

gastrocnemius (plantar flexors) during late stance. It contributes to body support, for-

ward propulsion and swing initiation [61].  

Module 3 (green color in Figure 3.7) corresponds to activation of the tibialis ante-

rior and rectus femoris muscles at two different phases, early stance and early swing. 

During early stance the activation of tibialis anterior and rectus femoris muscles pro-

vides dorsiflexion during and immediately after heel strike. On the other hand, the 

activation during early swing contributes to ground clearance of the foot [61].  

Module 4 (purple color in Figure 3.7) consists mainly in activation of medial and 

lateral hamstring muscles, in order to propel the body during early stance and decel-

erate the leg at the end of swing [61].  

In early stance, Modules 1 and 2 provide body support during deceleration of for-

ward motion, while Module 4 and all other muscles combine to provide a little body 

support and forward propulsion. In late stance, Module 2 and all other muscles pro-

vides both body support and forward propulsion. These module contributions are rep-

resented in Figure 3.7 by means of arrows acting on the center-of-mass symbol, which 

indicate the horizontal and vertical ground reactions forces that act to accelerate the 

body center-of-mass to provide body support and forward propulsion. Also, is denot-

ed the energy increase (+) or energy decrease (-) that flows from each module to the 

trunk or leg [61].  
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Figure 3.7 Contributions of four modules during each phase of gait cycle. Taken from [61]. 

 

According to synergies it is noted that the main muscles involved in human loco-

motion are: gluteus medius, rectus femoris, semitendinosus, biceps femoris, vastus 

medialis, gastrocnemius medialis, soleus and tibialis anterior. Table 3.1 summarizes 

the main contribution of these muscles for walking task, and also indicates which are 

the lower limb joints associated to these muscles.  
 

Table 3.1 General functions of main lower limb muscle [52, 60, 61] 

Muscle(s) Action Joint(s) Function(s) 

Gluteus maximus 

Only hip 

Extension of the hip joint 

Gluteus medius or  

gluteus minimus 
Abduction of the hip joint 

Rectus femoris 
 

 

 

 

 

Hip and knee 

Flexion of the hip joint 

Extension of the knee joint 

Semimembranosus or se-

mitendinosus 

Extension of the hip joint 

Stabilization of pelvis in the sagittal plane 

Flexion and internal rotation of the knee 

joint 

Biceps femoris 

Extension of the hip joint 

Stabilization of pelvis in the sagittal plane 

Flexion and external rotation of the knee 

joint 

Vastus medialis or vastus 

intermedius or 

 vastus lateralis 

Only knee Extension of the knee joint 

Gastrocnemius medialis or Knee and Ankle Plantarflexion of the ankle joint 
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Gastrocnemius lateralis Flexion of the knee joint 

Soleus Ankle and 

 Subtalar 

Plantarflexion of the ankle joint 

Tibialis anterior Dorsiflexion of the ankle joint 

 

3.4.Biomechanical parameters  

In the context of human walking, besides of knowledge of anatomy lower limb and 

basic terms of gait, it is necessary to describe, in detail, the biomechanics of human 

locomotion. Therefore, the biomechanical analysis of walking covers the follows ap-

proaches: 

 Kinematics: describes the motion of limbs, with typically time series of joint 

angles and limb displacements, without considering the forces that cause the move-

ment. This can be directly measured through linear and angular displacements provid-

ed by joint angles, limb velocities or accelerations [1, 52, 62]. 

 Kinetics: describes the relationship between the motion of bodies and its 

causes, which is also referred as dynamics. Kinetics includes the study and modelling 

of forces (as gravitational, ground reaction, other external forces, or forces produced 

by muscle contractions), torques, masses and accelerations within joints, but without 

any detailed knowledge of the position or orientation of the objects involved [1, 52, 

62]. 

 Spatiotemporal parameters: describe locomotion in a discrete manner by 

quantifying specific metrics during different phases of each gait cycle. Those metrics 

relate to kinetics or kinematics, or other measurable quantity [62].  

 Physiological aspects: includes metabolism and energetic costs, with typically 

the activity of the brain (using electroencephalography), muscles (using electromyog-

raphy), or cardiac (using electrocardiography) [62]. 

 

The advantage of spatiotemporal parameters approach is that it synthesizes or 

compresses the information in a clinically interpretable outcome measure. 

Before specifying each biomechanical parameter it is important to clarify the step 

and stride concepts, as distinguished in Figure 3.8. A step is the movement of one foot 

in front of the other. A stride is made up of a step for one foot followed by another 

step for the other, and it is equivalent to gait cycle [53, 63].  



Chapter 3- Human Walking 

 

 38 

 

The spatiotemporal parameters commonly determined to assess the biomechanics 

of human walking are:  

 Step length: distance, measured in meters, that one part of the foot travels in 

front of the same part of the other foot during each step [63]. So that a short swing 

phase on one side will generally reduce the step length on that side [4]; 

 Step duration: time, measured in seconds, between the contact of two con-

secutives limbs in ground [53]; 

 Cadence: the number of steps taken in a given time, the usual units being 

steps per minute [52]; 

 Stride length: distance, measured in meters, between two sequential initial 

floor contacts by the same limb [63]; 

 Stride duration: is the duration of one gait cycle, i.e., the interval between 

two sequential initial floor contacts by the same limb. The measurement unit is the 

second [53, 63]. 

 Strides per minute: corresponds to the number of strides that occur in a mi-

nute.   

 Swing phase duration: is duration of swing phase, indicated in seconds. Al-

so, can be presented in terms of percentage, being calculated through of division of 

swing phase time and stride duration.  

 Stance phase duration: is duration, in seconds, of stance phase. When indi-

cated in terms of percentage, corresponds to division of stance phase duration and 

stride duration. 

 Double support phase duration: interval of timing of double support phase 

measured in seconds. Also, can be presented in terms of percentage, being calculated 

through of division of double support phase duration and stride duration. 

Figure 3.8 Step (dashed red line) and stride (continuous blue line). The foot marked with 

blue corresponds to right foot, and the foot marked with red is the left foot. Adapted from [63]. 
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 Single support phase duration: is the timing dispended over single support 

phase that is indicated in seconds. When indicated in terms of percentage, corre-

sponds to division of single support phase duration and stride duration. 

 Walking speed: is the distance covered by the whole body in a given time, 

and should be measured in meters per second. Also, it can be calculated as the product 

of cadence and stride length [52, 63]. 

 

Table 3.2 presents the mean and the standard deviation of spatiotemporal parame-

ters of twenty healthy subjects of male gender during level ground walking. However, 

it is important to have in consideration that the range of these parameters depends on 

gender, ages and also of own physical condition of subject [52]. Thus, these values 

were presented in this thesis just with a representative point view.  

 

Table 3.2 Mean and standard deviation of spatiotemporal parameters of healthy subject during 

level ground walking. Adapted from [64] 

Spatiotemporal parameters (units) Mean ± standard deviation 

Stride length (m) 1.35 ±0.07 

Stride duration (s) 1.15 ±0.05 

Step length (m) 0.69±0.05 

Step duration (s) 0.54 ±0.03 

Cadence (steps/min) 105 ±4.83 

Walking speed (m/s) 1.18 ±0.07 

Stance phase (%) 62.8 ±1.38 

 

The most common kinematic parameters used in clinical gait analysis are the ana-

tomical joint angles (Figure 3.9.a)), which are defined as a rotation of the distal seg-

ment relative to the proximal segment. Indeed, each joint has a reference frame in the 

proximal and distal segments: for the hip joint, this is the pelvis and thigh; for the 

knee joint, the thigh and calf; for the ankle joint, the calf and foot [55]. Thus, as kin-

ematic parameters of human walking it is frequent to use: the maximum/minimum 

flexion (or dorsiflexion in the case of ankle joint); the maximum/minimum extension 

(or plantarflexion in the case of ankle joint); the maximum/minimum adduction; the 

maximum/minimum abduction; angular range of motion (ROM) in the sagittal plane, 
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which is computed from the subtraction of the maximum and minimum joint angle; 

angle at the HS event; angle at the TO event; and others.  

To assess the kinetics of human locomotion are often measured the torque (Figure 

3.9.b)) and the forces of at level joint (hip, knee and ankle joints) [52]. Once again, in 

the context of gait analysis the kinetic parameters more commonly computed are: the 

maximum and minimum values of torque and/or force; the range of force (ROF); 

force and/or torque at the HS event; force and/or torque at the TO event; and magni-

tude of force and torque in others moments of gait cycle.   

Also, the measurements, during walking, of energy transfers at individual joints 

and overall energy consumption are important components of gait analysis [52]. Thus, 

it is frequently analysed the power consumption in each joint (Figure 3.9.c)) during 

the gait cycle, in order to evaluate the gait performance of subject.  

Figure 3.9 depicts the evolution of angle, torque and power over each phase of gait 

cycle for hip, knee and ankle joints of a healthy gait pattern in level walking. Thus, 

these biomechanical signals can be used as a reference during a diagnostic.   

3.5.Gait pathologies and associated abnormalities 

The pattern of the gait is the outcome of a complex interaction between the neuro-

muscular and structural elements of the locomotor system. Abnormal gait may result 

from a number of different pathological problems in any part of this system, including 

the brain, spinal cord, nerves, muscles, and joints. For this reason, the abnormal gait 

Figure 3.9 Trajectories of biomechanical parameters of a healthy subject during level ground 

walking: a) angle (deg) of hip, knee and ankle joints; b) torque/moment (N.m/kg) of hip, knee and ankle 

joints; c) power (W/kg) of hip, knee and ankle joints. Adapted from [52]. 



Chapter 3- Human Walking 

 41 

patterns will be described separately from the pathological conditions which cause 

them.  

3.5.1.Gait pathologies 

Nowadays the clinical concerns relate with a broader scope of pathology. Stroke, 

polio, SCI, CP, PD, muscular dystrophy, degenerative joint disease, hip and knee os-

teoarthritis, rheumatoid arthritis, multiple sclerosis, and gait degeneration in elderly 

subjects [19, 52, 53].  

Stroke is one of the most significant causes of disability in adults, affecting the 

mobility in activities of daily living, the communication and the cognition [47, 65, 66, 

67]. It is common that the chronic stroke results in contralateral hemiplegia (the 

stroke is the major causes of hemiparesis), due to damage in motor cortex or cortico-

spinal tract when there is an insufficiency of oxygen and nutrients in brain cells [66, 

68, 69].  

Polio is a viral infection caused by the poliovirus, which multiplies in the intestine 

and can invade the nervous system [19]. Consequently, the motor cells of the spinal 

cord can be affected and produce permanent paralysis of varying degrees [19].  

SCI is the consequence of damage in the spinal cord nerves, either temporary or 

permanent, and can affect the motor, sensory or autonomic function [70, 71]. Depend-

ing on where the spinal cord and nerve roots are damaged, the severity level can be 

described as complete (a total loss of function) or incomplete (which can vary from 

having no effect on the patient) SCI [70, 71] .  

PD is a neurodegenerative disorder of the basal ganglia of the brain, resulting 

from a selective and progressive loss of dopaminergic neurons of the nigrostriatal 

pathway. It leads to impaired motor (e.g. shuffling gait) and communication func-

tions, and thus, when the PD’s patients focus the attention on one task, the perfor-

mance of another becomes troublesome [72, 73]. In terms of biomechanical parame-

ters have been observed a reduction of stride length and walking speed, slightly in-

crease in walking base, although the cadence was usually normal [52].  

CP is attributed to a non-progressive disturbance on immature brain, being the 

motor disorder its most striking symptom [74, 19].  The related main dysfunctions are 

motor disorders, as insufficient swing-phase knee flexion, causing limitations in activ-

ities and societal participation [19].   
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The osteoarthritis of the hip and knee is a chronic degenerative joint disease that 

leads to the progressive destruction of the cartilage at the hip or knee joint, respective-

ly. Therefore, the joints movement is reduced, leading to a gait dysfunction [75].   

Muscular dystrophy is a diffuse weakness of many muscle groups as consequence 

of degeneration of muscle cells that disrupt static and dynamic balance capabilities 

[19]. Charcot-Marie-Tooth disease, one cause of muscular dystrophy, weakens the 

dorsiflexor and eventually the plantarflexor muscles of the ankle joint [76].  

The gait degeneration in elderly subjects is influenced by the effects of age itself 

and pathological conditions, which become more common with aging. In fact, these 

both factors lead to follows alterations in biomechanical parameters: decreased stride 

length; increased cycle time (decreased cadence); relative increase in the duration of 

the stance phase; reduction of walking speed; reduction in the ROM of hip, knee 

(swing phase) and ankle (during the push-off) joints [52].  

3.5.2.Gait abnormalities  

These pathologies of the locomotor system frequently produce gait patterns, which 

are clearly ‘abnormal, that can occur either alone or in combination. The gait abnor-

malities can be differentiated in terms of functional impairment, and therefore classi-

fied in the following four categories: deformity; muscle weakness; impaired control 

(spasticity); and pain [53].  

A functional deformity, caused by contracture, abnormal joint contours or bony ri-

gidity, limits the motor tissues in to attain the normal postures and ranges of motion 

[52, 53].  

Muscular weakness happens when the muscle strength of subject is insufficient to 

reach the demands of walking. It can result from muscular atrophy or neurological 

injury (e.g. poliomyelitis, Cuillain-Barre' syndrome, muscular dystrophy, primary 

muscular atrophy) that leads to a muscular pathology [52, 53]. 

Impair motor control (or spasticity) is a condition characterized by abnormal tight 

or stiffness of the muscles, and also by exaggerated deep tendon reflexes [77]. Gener-

ally, it is caused by damage in brain or spinal cord, resulting from diseases: CP, 

stroke, brain injury, incomplete SCI and multiple sclerosis [52, 53].  

Excessive tissue tension, mainly caused by arthritis or trauma, leads to musculo-

skeletal pain. Consequently, the physiological reactions associated to musculoskeletal 
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pain can introduce secondary obstacles to walking, as the deformity and muscular 

weakness [52, 53]. 

Before presenting some pathological examples of each gait abnormal category it is 

necessary to distinguish the terminology relative to abnormal gait pattern. According 

to [53] the more appropriate term to refer to an incorrect gait pattern is gait abnor-

mality instead of gait disorder, since the former term is more embracing. In order to 

clarify this distinction, it is presented the following example regarding to ankle gait 

deviations. In fact, the clinicians have been reporting that the gait disorders associated 

to ankle joint are: the equinus for toe walkers; the foot drop for the flaccid foot in 

swing; and the calcaneus. In terms of gait abnormality, the first two gait disorders 

(equinus and foot drop) correspond to an excessive plantarflexion, and the calcaneus 

to an excessive ankle dorsiflexion [53]. Effectively, there are other gait disorders as-

sociated to either an excessive plantarflexion or excessive ankle dorsiflexion, and for 

this reason in this thesis it will be used the terminology relative to gait abnormality, 

which englobe distinct gait disorders. 

Table 3.3 presents the causes and the consequences of the main reported abnormal 

gait patterns which affect the hip, knee and ankle joints in sagittal plane. Also, are de-

scribed abnormal gait patterns which are associated to foot contact, under point view 

of different reference planes.   

 
Table 3.3 Causes and consequences of the main abnormal gait patterns which affect the hip, 

knee and ankle joints, and the foot segment  

Abnormal 

gait pattern 
Causes Consequence 

Inadequate hip 

extension [53] 

- Hip flexion contracture; 
- Spasticity of the hip flexors 
- Hip joint arthrodesis. Loss of joint 
motion from either surgical arthrodesis 
or spontaneous ankylosis denies; 

- Reduction of person's weight-bearing 
stability; 
- Limited progression; 
- Modification of the alignments pelvis 
and thigh, introducing postural errors in 
adjacent body segments: forward trunk 
lean, lumbar spine lordosis and a flexed 
knee; 

Excessive hip 

flexion [53] 

- Flexion contracture; 
- Spasticity of the hip flexors 
- Pain; 
- Hip joint arthrodesis; 

- Greater alteration in limb posture; 
-Increase in hip joint angle is often 
reflected in greater pelvic tilt; 
- Excessive elevation of the thigh in mid 
swing; 

Inadequate hip - Weakness or inability to activate the 
hip flexor muscles; 

- Reduction of limb advancement in initial 
swing; 
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flexion [53] - Hip joint arthrodesis; -Development of compensatory move-
ments to advance the limb when primary 
hip flexion is inadequate; 
- Limited knee flexion since the thigh 
momentum needed to initiate this action is 
lacking; 
- Short step length; 

Excessive 
knee extension 

[53] 

-Compensate the quadriceps weakness 
keeping the leg fully extended; 
- Quadriceps spasticity; 
- Excessive ankle plantarflexion; 
- Pain, when there is a rapid motion of 
a knee with intrinsic joint pathology 
increases tissue tension; 

- A full extension or even hyperextension 
of the knee in stance phase, in which the 
knee is angulated backwards.   
- Knee hyperextension, deformity devel-
oped when the knee has the mobility to 
angulate backward (genu recurvatum); 

 

Inadequate 

knee extension 

[53] 

-Inappropriate hamstring musc1e activ-
ity; 
- Knee flexion contractures  (as results 
of trauma, arthritis, and knee surgery 
are) introduce a constant limitation to 
extension; 
-Soleus weakness is the major cause of 
inadequate knee extension in mid and 
terminal stance;  
- Quadriceps weakness can reduce knee 
extension in terminal swing; 

- During mid stance, the knee fails to 
move toward extension; 
-The gait patterns represent a continuation 
of the excessive flexion displayed in load-
ing response; 

Excessive 
knee flexion 

[53] 

-Prevention of  the normal plantarflex-
ion through immobility of the ankle 
joint or a calcaneus deformity of the 
foot; 
- Spasticity of the knee flexors; 
- Soleus and gastrocnemius weakness; 
- Compensatory movement to reduce 
the functional leg length discrepancy; 

- In initial swing phase it causes toe drag 
with a corresponding inability to advance 
the limb.  
- Instability in hip joint; 
- Pes equinus; 
- Reduction of knee flexion during swing 
phase;  

Inadequate 

knee flexion 

[53] 

- Quadriceps weakness; 
- Quadriceps spasticity; 
- Excessive ankle plantarflexion. This 
is the primary cause of knee hyperex-
tension; 
- When there is a rapid motion of a 
knee with intrinsic joint pathology in-
creases tissue tension, resulting in pain. 
This leads to limited knee flexion in the 
three phases: loading response, pre-
swing and initial swing; 
- Hip flexors weakness. Knee flexion is 
lost in initial swing when inadequate 
hip flexion deprives the patient of the 
momentum normally used to flex the 
knee; 

- Results in limited or absent motion; 
- Reduces the limbs shock absorption 
quality; 
- Makes the TO more difficult; 
- The lack of adequate knee flexion in 
initial swing causes toe drag with a corre-
sponding inability to advance the limb; 

 

Inadequate 
dorsiflexion 

-Weakness or paralysis of the tibialis 

anterior muscle; 
- The foot is lowered abruptly in a foot 
slap; 
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control [53] -Spasticity of the triceps surae muscle; 
 

- Failure to raise the foot sufficiently dur-
ing initial swing may cause toe drag 
- Leads to gait disorders foot drop 

Excessive 

ankle dorsi-

flexion 

[53] 

- Soleus weakness; 
- lack of control of tibialis anterior 
muscle; 
- Fixation of the ankle at neutral, ob-
structing the normal plantarflexion that 
occurs as the limb is loaded; 
- Accommodating to flexed knee dur-
ing stance; 

- Instability postural; 
- Inhibition of the normal ankle plantar 
flexion; 
-Lead to increased quadriceps demand to 
prevent the muscle from fully extending 
the knee; 
 
 

Excessive 
ankle plantar-
flexion [53] 

- Pretibial muscle weakness;  
- Plantarflexion contracture;   
- Overactivity of soleus and gas-

trocnemius  (spastic or primitive pat-
tern control); 
-Voluntary posturing for a weak quad-
riceps.  

 

- During stance phase there is a reduction 
of stride length and walking speed, and 
also a loss of stability; 
- At swing phase, the step is shortened due 
to delayed floor clearance; 
- Leads to a rapid and abrupt foot drop to 
the ground at the beginning of the stance 
phase; 
- Leads to equinus gait disorder; 

Functional leg 
length dis-
crepancy 

[52] 

- Slow walking with weak hamstrings, 
since the knee tends to extend prema-
turely and thus to make the leg too long 
towards the end of the swing phase; 

- Hip hiking. Gait modification in which 
the pelvis is lifted on the side of the 
swinging leg, by contraction of the spinal 
muscles and the lateral abdominal wall; 

- Weakness of ankle dorsiflexor muscle 
and subsequent compensation for a 
plantarflexed ankle, commonly known 
as foot drop; 

- Steppage: exaggerated flexion of knee 
and hip, to lift the foot higher than usual; 

- Weakness of hamstring muscles;   -Vaulting: movement where the ground 
clearance for the swinging leg increases; 

- Weakness of hip flexors; 
- Spasticity of the hip flexors; 

- Circumduction in the swinging leg is a 
compensatory movement that  improving 
the ability of the adductor muscles to act 
as hip flexors while the hip joint is ex-
tended; 

Abnormal foot 

contact [52] 

-Spasticity of the tibialis anterior mus-
cles; 
- Weakness of the triceps surae; 

 

- Calcaneus, gait disorder where the fore-
foot is pulled up into extreme dorsiflexion; 
-Reduction of stance phase duration on the 
affected side; 
- Reduction of the swing phase duration 
on the opposite side, which reduces the 
opposite step length and the overall stride 
length; 

- Spasticity of the plantarflexors (gas-
trocnemius and soleus); 
- Weakness of dorsiflexion muscles; 
- Contracture of Aquiles tendon; 

 

- Talipes equinus  (or pes equinus), gait 
disorder in which the forefoot is fixed in 
plantarflexion; 
- Excessive flexion of ankle in stance and 
swing phase; 
-Decease of the stride length; 

Insufficient - Rupture of the Achilles tendon; - Reduction of stance phase duration on 
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push-off [52] -Weakness of the soleus and gas-

trocnemius; 

- Weakness or paralysis of the intrinsic 
muscles of the foot; 
- Calcaneus gait disorder; 
- Pain under the forefoot, if the amount 
of pain is affected by the degree of 
loading (as it usually is). 
 

the affected side; 
- Decrease of the swing phase duration 
and step length on the opposite side; 
- Asymmetry in gait timing; 

Abnormal 
walking base 

[52] 

- Abducted hip or valgus knee, instabil-
ity or fear of falling increase the walk-
ing base; 
- Adduction deformity at the hip or a 
varus deformity at the knee decreasing 
the walking base; 

- Increasing or decreasing of walking 
base;  
 

 

From Table 3.3 it is verified that each gait abnormality covers one or more gait 

disorders, being the foot drop, equinus, calcaneus, steppage, vaulting and the circum-

duction the gait disorders more commonly reported as consequence of gait patholo-

gies.  

Figure 3.10 illustrates the lower limb positions resulting from these gait disorders. 

Particular emphasis for foot drop, the most common gait disorder, that consists in a 

motor deficiency caused by total or partial central paralysis of the tibialis anterior 

muscle, which leads to inadequate dorsiflexion control [78]. Thereafter, this gait dis-

order increases the functional leg length discrepancy (i.e. anatomical difference be-

tween two legs), and leads to other complications, as the slapping of the foot after HS 

and the dragging of the toe during swing [79].  

 

 

 

 

Figure 3.10 Most common gait disorders: a) foot drop; b) equinus; c) 

calcaneus; d) circumduction; e) steppage; f) vaulting.  Adapted from [52].  
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Chapter 4 – Solution Description 

In recent years, many studies have been conducted to improve the performance of 

the lower limb exoskeletons for assistance and rehabilitation training. Alongside with 

the development of sophisticated and ambulatory exoskeleton designs, research are 

also focused on improvement of locomotion control strategies to increase the preci-

sion, efficiency and comfort of the exoskeletons.  

In this context, during this chapter it will be presented the solution description that 

was considered for locomotion control strategies of Exo-H2. Also, it is described the 

mechanical and electronic design of two robots used for validation of the proposed 

strategies: Exo-H2 and DARwIn OP humanoid robot. The DARwIn OP humanoid 

robot is used in simulation environment by means of WebotsTM software.  

4.1.General overview 

Since exoskeletons are worn by humans, the interaction between the WR and the 

human is a critical factor for ensuring smooth and efficient control strategies that will 

be based on the estimation of the wearer’s motion intention. Additionally, recent evi-

dences about the outcomes of rehabilitation training paradigms have shown that the 

motion intention plays an important role in rehabilitation training and assistance. For 
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detecting the wearer’s motion intention the control algorithms should interact with the 

signals of robotic exoskeletons acquired through embedded sensors.  

As aforementioned in Chapter 2, the locomotion control strategies developed over 

this thesis are included in WP 6 of BioMot project [51].  These strategies will con-

tribute for the development of Exo-H2 that will apply an adaptive assistance as a 

function of real-time estimation of human effort provided by a detailed neuromuscu-

loskeletal model that computes neuromuscular activity to predict joint moments and 

hence prescribe the exoskeleton function [51].  

In order to satisfy these requirements of Exo-H2, the preliminary strategies of the 

high level control of this WR should integrate: detection of events and gait phases, 

which will be described in Chapter 5; determination of biomechanical parameters of 

human-robot walking (presented in Chapter 6); features extraction with best represen-

tation of human-robot gait pattern (detailed in Chapter 6); and decision algorithms to 

classify the user locomotion intention (also referred in Chapter 6). It is important to 

mention that the overall of the procedures described in Chapter 6 address the task of 

gait processing commonly assigned as ‘locomotion mode recognition’.  

To accomplish the aforementioned locomotion control strategies it is needed to 

understand the emerging sensory motor skills during human-robot interaction in gait 

processes. This implies the complete integration of the biomechanical and sensory-

motor levels with developmentally guided coordination in the BioMot cognitive ar-

chitecture.  

The strategy of detection of events and gait phases will be applied under biome-

chanical data of human-robot interaction during gait process, in order to segment in 

real-time the events and phases of gait cycle (described in Chapter 3). Thus, just 

based in the information of the embedded sensors it is feasible to predict which is the 

phase or event of gait cycle of assisted walking. For this purpose can be used FSMs or 

machine learning approaches, since both methods are learning strategies, which re-

quire an offline processing of signals data.  

After applying the gait detection algorithms based on human-robot performance, 

the next strategy of high control is the locomotion mode recognition. It will be devel-

oped for decision making of the current mode locomotion, handling transitions or vo-

litional changes in the task (such as gait speed).  

The first procedure of the locomotion mode recognition is the determination of 

biomechanical parameters based on gait signals provided from embedded sensors of 
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Exo-H2 and the information provided by gait detection algorithms. Effectively, to 

compute the biomechanical parameters it is necessary the knowledge of the moment 

at which each phase and event of gait occurs, as will be discussed in Chapter 6. The 

determined biomechanical parameters constitute features which characterize the gait 

pattern in distinct contexts. Therefore, through statistic methods are extracted the 

more representative features of gait pattern, i.e., features that represent the locomotion 

without redundancy. Hereafter, it is delineated the decision making strategy that clas-

sify the current locomotion mode (e.g. walking in level ground, star/stopping walking, 

ascending/descending stairs, change direction, and others) based on extracted features 

in previous strategy control. Firstly, preliminary classification work of different BWS 

is described. For this purpose can be implemented statistic methods, mathematical 

transforms and machine learning approaches.  

According to requirements and limitations of the Exo-H2 the fundaments for the 

choice of the most appropriate methods for each locomotion control strategy, either 

detection of events and gait phases or locomotion mode recognition, are discussed in 

Chapters 5 and 6, respectively.      

It is noted that the higher-level learning algorithms presented in Chapters 5 and 6 

will later in the project be integrated in the high level of control layer to constitute the 

smart Exo-H2 for the experimental scenarios.  

The locomotion strategies developed in this work were delineated for the Exo-H2. 

However, these strategies are herein extended and validated with Darwin-Op Human-

oid Robot in the simulation software – WebotsTM - and in healthy subjects during 

ground walking. Thus, a detailed description of both robots will be presented in the 

two follow sections of this chapter.  

4.2.BioMot exoskeleton  

4.2.1.Background  

In order to conduct experiments and gather information about the development of 

symbiotic performance of human-robot, the Exo-H2 was selected by the BioMot con-

sortium as the physical robotic device [80]. It is an experimental prototype provided 

by Technaid S.L. [81] to BioMot project, where Technaid S.L. has an exclusive li-

cense for the design, manufacturing and commercial exploitation of the system, while 

BioMot is the proprietary of the Know-How rights [81].  
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Exo-H2 is a lower limb robotic exoskeleton designed to aid in restoring the ability 

to walk in persons that have partially lost the capacity to walk or to assist paraplegic 

persons in walking [81]. The device is primarily intended for rehabilitation of stroke 

victims, but can also be used for gait compensation in patients who have paralysis of 

the lower limbs following SCI [29]. Thus, subjects with stroke or SCI can be assisted 

by this WR, if satisfy the follows anatomic characteristics: height between 1.50 and 

1.90 m; and maximum body weight of 100 kg [29, 80]. Exo-H2 is conceived for as-

sist-as-needed over ground gait and balance training in a clinical environment. It is 

also useful for maintaining the muscular tone of the lower limbs and to activate the 

circulation in persons that have lost mobility in the legs or suffer from muscle weak-

ness [80].  

Very few exoskeletons consider the safety aspect in the control system, since most 

of them only implemented safety in the mechanical design [29]. However, Exo-H2 

has multiple safety features, including: mechanical design; control system; data bus 

protocol; and the software.  

Figure 4.1 presents the front and back view of Exo-H2 in assistance of healthy sub-

ject during walking level ground.   
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.2.2.Mechanical design  

Exo-H2 is a bilateral WR formed by 6 DOFs, i.e., the hip, knee and ankle are pow-

ered joints [80, 29]. One novel characteristic in Exo-H2 is the actuation on the ankle 

Figure 4.1 Exo-H2 during assistance of healthy subject: a) front view; b) back view. 
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joint, since after a stroke, propulsive impulses delivered by plantarflexors muscles are 

often highly asymmetric [29]. It is noted that the ankle plantarflexors muscles con-

tribute for propulsion, BWS and swing initiation during walking [29].  

The gait cadence can be adjusted and it is expected to reach up to 2 km/h. The me-

chanical structure is designed to allow active and passive movements in the sagittal 

plane. In the coronal plane, small passive movements are possible in hip joint [80].  

Lightness is an important aspect of mechanical design, since inertia cannot easily 

be compensated during training [29]. Therefore, the mechanical structure is made of 

aluminum 7075 and stainless steel, which were chosen due to mechanical resistance 

and lightweight [80, 29]. In fact, this WR has an approximate weight of 10 kg.   

The exoskeleton frame has bilateral uprights for the thigh and the shank, hinged 

hip, knee and ankles and articulated footplates (distally) and waist area (proximally) 

[80, 29]. The length of the thigh and the shank can be adjusted by a mechanism of two 

telescopic bars that are pushed one inside the other and are fixed in different posi-

tions. The same mechanism is used to change the position of the foot relative to the 

exoskeleton’s ankle [80, 29]. 

To avoid damages to patients, the ROM of mechanical joints was limited, as 

shown in Table 4.1. In fact, this parameter can be individually shortened and limited 

by software when necessary, as in case of patients with reduced extension and/or flex-

ion movements due to spasticity (very common in stroke patients) [29]. Therefore, the 

Exo-H2 actuators cannot damage the human legs by applying over extension or over 

flexion movements [29]. 
 

Table 4.1 ROM and DOF of each Exo-H2 mechanical joint. Taken from [29] 

Joint DOF Actuation Range of motion 

Hip 
Flexion/extension Active 100º /20º 

Abduction /adduction Passive 10º/10º 

Knee Flexion/extension Active 100º/3º 

Ankle Dorsiflexion /Plantarflexion Active 20º/20º 

 

The design and selection of the actuators was based on typical identification of 

torque and power of each joint during normal gait at normal speed [29]. This motor 

has a rated voltage of 24 V (DC) and nominal torque of 220 mNm. In Exo-H2 an av-
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erage torque of 35 Nm for the hip actuator is presumed to be adequate enough for 

most patients [80].  

Energy is provided by a Lithium-ion battery pack of 22.5 VDC nominal and 6.8 

Ah to power the exoskeleton. The battery pack weighs 960 grams and measures 180 x 

70 x 40 mm. This characterizes contributes for lightness and durability of Exo-H2 

[80, 29]. 

 

4.2.3. Electronic design  

The electronic design of the exoskeleton is constituted by an arm-based H2-HAL 

(hardware abstraction layer) board, 6 H2-Joint boards and CAN-bus boards.  

The H2-HAL board (presented in Figure 4.2.a)) is responsible to execute a real-

time control of all the whole Exo-H2. Therefore, it interacts with H2-Joint boards ac-

quiring sensors information every one millisecond. Also, H2-HAL board controls the 

actuators according to the feedback provided by the sensors, by high level commands 

and by the information received from other interfaces. Three types of low level con-

trol are possible for each joint: position, stiffness and torque. Moreover, the high-level 

algorithms of gait events detection and locomotion mode recognition will be run in 

H2-ARM board [80, 29].  

The small size of H2-HAL board (only 56 x 44 mm) and its very low power con-

sumption, allows it to be placed on the exoskeleton structure, reducing the bulk, com-

plexity and difficulty of wiring, in addition to minimize connections [80].  

The joint-boards (Figure 4.2.b)) are in charge of data acquisition and processing 

(analogic filters for each joint sensor and also the amplifiers for the strain gauges) 

from the different joint’s sensors: angular position, interaction torque, joint speed and 

foot-ground contact. After filtering and amplifying processes, the signals are digital-

ized by a DSP microcontroller [80, 29].   
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The board CAN-bus allows the connection between H2-HAL board and joint-

boards, and is formed by two lines: one for reading information and sending com-

mands to the joints; and the other for extern communication [80, 29].  

The H2-HAL board also has two more communications ports, both wireless: Blue-

tooth and Wi-Fi. Bluetooth communication can connect to a user interface. Wi-Fi link 

is used to connect to external systems that can also be used to control Exo-H2 [80, 

29]. 

In order to understand how works the network structure of control and communi-

cation of Exo-H2 with others interfaces it is presented Figure 4.3. Each communica-

tion cycle in the network protocol involves passing a message from the H2-ARM 

node (represents the H2-HAL board) to all H2-Joint nodes (represents the joint-

boards) in the network. As the message travels through the bus, each H2-Joint reads 

its assigned actuator command data byte. Then, each H2-Joint returns one message 

back to H2-ARM node with its locally collected sensor’s data.  
 

 

 

 

 

 

Figure 4.2 Electronics board of Exo-H2: a) H2-HAL board; b) one of 6 joint-boards. 

Adapted from [80]. 
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4.2.4.Embedded sensors  

The interaction between human and exoskeleton is very important for user’s com-

fort and safety in a WR. The sensory system of Exo-H2 includes different types of 

embedded sensors on the exoskeleton, but not a single sensor placed on the user’s 

body [29]. The sensory system is composed by the following elements: 6 potentiome-

ters; 25 Hall Effect sensors; 24 strain gauges; and 4 foot switches [29]. 

Each joint is equipped with a precision industrial potentiometer used as an angular 

position sensor, which allows compute the angular position and angular velocity [29].  

Strain gauges attached at each exoskeleton’s link are used as force sensors. These 

sensors are designed to measure the torque produced by the interaction between the 

user’s limb and the exoskeleton [29].  

Besides the sensory system can measure the actuator’s torque using a Hall Effect 

sensor that measure the motor’s current, which is directly related to the motor’s 

torque. The system also uses the Hall Effect sensors inside the motors to compute the 

actuators’ angular speed [29]. 

The footplate of the exoskeleton is equipped with two foot switches based on resis-

tive sensors, which binary detect the contact between subject’s foot and the ground. 

Figure 4.3 Network structure of communication and control of Exo-H2. H2-ARM node repre-

sents H2-HAL board and each H2-Joint node represents the joint-board.  Taken from [80]. 
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These sensors are located under the heel and the toe, and their main goal is to detect 

the different phases during gait segmentation [29].  

Figure 4.4 presents the location of all electronic interfaces and embedded sensors 

of Exo-H2. 

 

4.2.5.User interface  

In order to easily command the assistance with Exo-H2, it was developed a user 

interface for an Android smartphone, which is depicted in Figure 4.5. With 5 main 

buttons the user can control the walking speed in 10 different levels. Other 3 second-

ary buttons are used to start or stop the data stream sent by Exo-H2 via Bluetooth, Wi-

Fi or CAN [80].  

  

 

 

 

 

 

 

 

Figure 4.4 Location of all physical interfaces of Exo-H2: sensors, actuators and electronic 

design. Taken from [29]. 

Figure 4.5 User interface of Exo-H2. Adapted from [80]. 
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4.2.6.Low level control  

Position or trajectory control, widely implemented in WRs, is a control strategy 

where a position controller guides the patient’s limb to a fixed reference path, while 

receiving the joint angles as a feedback [6]. For lower limbs, the reference trajectory 

is a normal gait pattern previously recorded from a healthy subject [6]. As the gait 

pattern differs slightly between individuals, there are some disadvantages in the im-

plementation of a trajectory control based on a pattern of another individual [29] .  

In order to allow for a more compliant operation, in other WP of BioMot project 

was developed an algorithm that takes into account the interaction torques between 

subject and exoskeleton, such as to produce an adaptive reference for gait assistance 

[29]. Also, this control strategy is capable to assist the patient based on his/her func-

tional ability. To achieve this, the adapted trajectory feeds a position controller whose 

output is converted to an input to the torque controller [80, 29]. Consequently, Exo-

H2 provides an output torque for the actuators (generation of specific assistance for 

each joint separately), which is proportional to trajectory deviation. 

Figure 4.6 represents the algorithm scheme used in low level control of Exo-H2. 

θref is the adjusted reference trajectory, Ti torque of human-robot interaction, θi angle 

related with Ti. The maximum value that the adapted trajectory can deviate from the 

recorded trajectory can be adjusted using Gint, which is a normalized gain value be-

tween 0 and 1, where 0 allows no deviation from reference trajectory [80].  

 

 

Figure 4.6 Low level control of Exo-H2 that defines the torque generated for each actuated 

joint. Taken from [80]. 
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4.3.Simulation of DARwIn OP with Webots
TM

 

Although the final aim of application of locomotion control strategies is in the real 

WR (Exo-H2), it is often very useful to perform simulations prior to investigations 

with real robots. This is because simulations are easier to setup, less expensive, faster 

and more convenient to use, thus allowing a better design exploration [82]. Addition-

ally, this enables to validate the proposed strategy with different devices and shows 

up the general character of the proposed solution.   

Thus, in the context of this thesis were realized simulations with DARwIn OP hu-

manoid robot through of WebotsTM software. Both tools will be described hereinafter.  

4.3.1.DARwIn OP 

DARwIn OP is an affordable, humanoid-robot platform with advance computa-

tional power, sophisticated sensors, high payload capacity, and dynamic motion abil-

ity to enable many exciting research, education, and outreach activities [83]. DARwIn 

OP has been developed by RoMeLa at Virginia Tech [84] in collaboration with Ro-

botis Co [85]. 

DARwIn OP is a true open platform robot where users are encouraged to modify 

both the hardware and the software. The robot is compatible with various program-

ming languages, including C++, LabVIEW, MATLAB®, and others. Since DARwIn 

OP is an open source robot, the CAD files, the fabrication and assembly manuals are 

available to guide the whole process for building a complete DARwIn OP robot [83].  

The mechanical structure of DARwIn OP is divided into several sub-assemblies, 

namely: head; chest; arms; pelvis; and legs. These sub-assemblies should be fabricat-

ed from 5052 aluminum, since this alloy is formability and strength [83].  

The dimensioning of DARwIn OP is presented in Figure 4.7. In fact, this robot is a 

miniature humanoid robot since its height is 454.5 mm [85].  
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Before application of the DARwIn OP it is necessary to know which are its operat-

ing conditions, such as: walking speed; number of DOFs; embedded sensors; and oth-

ers technical features. Thus, the Table 4.2 summarizes the most relevant features, and 

the corresponding description, of DARwIn OP. It is important to mention that the user 

can change the walking speed and the standing up time from ground. Also, this hu-

manoid robot presents versatility functional, such that it accepts the introduction of 

extra peripherals. Other important aspect regarding to supply is that the battery can be 

removed from the robot without shutting down by plugging in external power before 

removal [85].  

 

Table 4.2 Technical Description of features of DARwIn OP. Adapted from [85] 

Feature Description 

Default walking speed 24.0 cm/sec 

Default standing up time from 

ground 

2.8 sec (from facing down) 

3.9 sec (from facing up) 

Built-in PC 1.6 GHz Intel Atom Z530 on-board 4GB flash SSD 

Management controller ARM CortexM3 STM32F103RE 72MHz 

Communication Speed 3Mbps high-speed Dynamixel bus for joint control 

Figure 4.7 Dimensions of each sub-assembly of DARwIn OP robot. Taken from [85].  
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DOFs 
20 DOFs: 6 DOFs in each leg, 3 DOFs in each arm and more 2 

DOFs in neck 

Actuators 
20 actuator modules with durable metallic gears (Dynamixel 

MX-28) 

Embedded sensors 

3-axis gyroscope 

3-axis accelerometer 

Webcam 

Battery 
30 minutes of operations. Contains charger, and external power 

adapter 

Standby mode Available for low power consumption 

 

4.3.2.Webots
TM

 

Cyberbotics Ltd. [86], a spin-off company from the Swiss Federal Institute of 

Technology in Lausanne, developed WebotsTM, which is a commercial software used 

to model, program and simulate mobile robots [82]. The properties of each object, 

such as: shape, color, texture, mass or friction, are individually adjustable [87].  

A large choice of simulated sensors and actuators is available to equip each robot. 

The sensors can be plugged into robot model are: distance sensors (infra-red, ultra-

sound and laser); cameras (1D, 2D, spherical); range finders: light sensors; touch 

(pressure or bumper) sensors; global positioning sensors; receivers (inter-robot com-

munication); position and force sensors for servos; incremental wheel encoders; 

IMUS (3D); accelerometers (3D); gyroscopes (3D); digital compasses (3D). Note that 

the sensor parameters (e.g. range, noise, response, field of view) may be tuned indi-

vidually [87]. Similarly, a number of actuators can be added to robot model: differen-

tial wheel motor units; servo motors in legs, arms, wheels; linear motors (pistons); 

LEDs; emitters (inter-robot communication); and displays (LCD) [87].  

The robots’ behaviors are run in physically realistic worlds, being possible to cre-

ate large worlds, which will optimize in Webots™ to enable fast simulations. Also, it 

can be placed several cameras on the robot to perform a 360º vision system [82, 87]. 

The robot controllers can be programmed with the built-in IDE or any other devel-

opment environment. Depending on the complexity of the setup and the power of 

computer, a simulation can run up to 300 times faster than a real setup. Also, a step-

by-step mode is available to analyse in detail the behavior of the simulation [82, 87]. 
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Indeed, WebotsTM has a number of essential features, presented below, which are 

intended to make this simulation tool both easy to use and powerful [87, 82].  

 Models simulate any mobile robot, including wheeled, legged and flying ro-

bots; 

 Includes a complete library of sensors and actuators;  

 Has a built-in 3D world and robot editor with 3D import capability.  

 The robot program can run in C/C++, Python, Java, ROS, MATLAB®;  

 Runs on Windows, Mac OS X and Linux 32/64 platforms; 

 Uses ODE (Open Dynamics Engine) library for real-time physics simulation; 

 Transfers to real mobile robots: e-puckTM, NAOTM, DARwIn-OP, PionneerTM, 

and others; 

 Includes many examples with controller source code and models of commer-

cially available robots; 

 Creates HD movies of your simulations.  

Due to a large number of features Webots™, it has been used in different fields, 

such as: mobile robot design and prototyping (wheeled, legged or flying robots); mul-

ti-agent systems; robot locomotion; machine vision; artificial life and evolutionary 

robotics; modular robotics; surgical robotics; and others [87].  

 

4.3.3.DARwIn OP and Webots
TM

 

In the context of this thesis it was used the DARwIn OP available on WebotsTM, 

in order to simulate the high level strategies which will be incorporated in Exo-H2. To 

make possible this validation it is necessary to set the DARwIn OP to walk with simi-

lar gait patterns.  

For this purpose, it was integrated in the humanoid robot a walking controller de-

veloped by Matos [88], which is based on the concept of Central Pattern Generators 

(CPGs). This CPG-based controller aims to be a model free solution for the genera-

tion of bipedal walking, not requiring the use of inverse kinematical models and pre-

viously defined joint trajectories. The CPG is structured in two layers: one layer for 

rhythmic generation producing the temporal reference; and another pattern generation 

layer receiving the temporal drive to produce the spatial reference. The organization 

of proposed CPG solution for both lower limbs is presented in Figure 4.8.  
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The snapshots of Figure 4.9 illustrate the achieved biped forward locomotion of 

DARwIn OP, controlled by CPG organization presented in Figure 4.8, with correct 

trajectories of motions of balance, flexion and compass.  

 

 
Figure 4.9 Snapshots of video recording of the DARwIn-OP robot walking forward. Taken 

from [88]. 

 

From Figure 4.9 it is verified that this robot reproduces some important features of 

walking assisted by Exo-H2. Concerning the proposed high level control strategies for 

detection of events and gait phases, the algorithm proposed for Exo-H2 is the same 

for DARwIn OP, but still demands the adjustment of some parameters, as described in 

Chapters 5 and 6.  

The final purpose is to achieve a general solution that detects events and gait 

phases, and proceeds to locomotion recognition in different contexts of locomotion 

for healthy, people with motor impairments and biped robots.  

Figure 4.8 Representation of left and right CPGs. Each CPG is composed by a shared 
rhythmic generator and a group of motion pattern generators for the corresponding joints of the 
leg. Bilateral interaction between the rhythmic generators is represented by the bilateral arrow, 
providing for maintenance of interlimb relationships. Taken from [88]. 
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Chapter 5 – Detection of Events and Gait Phases 

In this chapter will be described the first locomotion strategy proposed over this 

thesis, the detection of events and gait phases. First, it will be presented a brief state 

of the art regarding to gait measurement devices (which provide biomechanical data 

for detection of events and gait phases) and the implemented methods in detection of 

events and phases of gait. Then, it is described the proposed strategy  to achieve 

online gait events and phases detection, which is sufficient general to be incorporated 

both in high control of Exo-H2 and in DARwIn OP robot. The two last sections ad-

dress validation of algorithm of detection of events and gait phases in Exo-H2 and in 

DARwIn OP robot.  

5.1.State of the art  

An accurate detection of an individual events and gait phases is an essential meth-

od of pre-processing for clinical gait analysis, since deviations in timing of gait events 

are indicators of abnormalities or disorders, due to alterations of gait parameters. Be-

sides, online detection of events and gait phases is widely used to quantify improve-

ments occurring after therapeutic and rehabilitative treatment, being an essential com-

ponent of controllers [89, 90, 91]. 
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In pathological gait it is possible to observe sequences of gait events and phases 

other than the ones presented in normal gait, e.g. the gait cycle of subjects with foot 

drop usually starts with a forefoot contact instead of a HS [92]. Consequently, algo-

rithms for the automatic segmentation of the gait events and phases have been devel-

oped, since they do not require any a priori knowledge on the sequence of phases 

forming a gait cycle, and can be applied to different pathologies [92]. 

5.1.1.Measurement devices of gait 

In order to implement an algorithm for detection of events and gait phases it is 

previously necessary to measure biomechanical parameters of gait through measure-

ment devices. Many different sensors are used for timing the gait cycles, which can be 

classified in two categories [92, 93, 94]:  

  sensors that directly measure the gait events (foot contact) through force 

based measurements, e.g. foot-switches and force sensitive resistors (FSRs); 

 sensors that indirectly reconstruct the timing of gait events by means of angu-

lar based measurements, accelerometer and combinations of these measurements, e.g. 

accelerometers, gyroscopes and inclinometers. These sensors require a customized 

signal processing to gain the information on the gait events. 

 

A number of methods to segment the events and phases of gait are based on the 

force exerted by the body on the ground [93]. This biomechanical parameter can be 

measured through foot-switches, or capacitive and piezoelectric transducers, although 

the first sensor is more common [1].  

Foot-switches consist in a pressure/force sensor placed on the plantar surface of 

the foot that produces a voltage relative to the amount of force on the sensor. A com-

mon choice of this sensor is the FSR due to its very slim package, commercial availa-

bility, ease of electronic interfacing and fast dynamic response [93]. As an alternative, 

it can be used the force sensitive insoles, which are composed by a matrix of sensors 

covering the entire sole of the foot [1].  

Figure 5.1 illustrates an example of direct determination of events and phases gait 

by means of foot-switch signal. In this case a subject is instrumented with three foot-

switches under the sole of the foot, positioned in beneath the heel, in the first and in 

the fifth metatarsal heads [92]. The number and the location of foot-switches under 

the sole of the foot depend on the gait phase to be determined. From Figure 5.1 it is 
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observed that during the walking the foot contact activates the different foot-switches 

(the activated foot-switches are highlighted), which is translated for foot-switch sig-

nal. By means of this signal are extracted the gait events HS, FF, HO and swing 

phase. 

 

 

 

 

 

 

 

 

 

 

 

 

 

In fact, the detection of events and phases of gait based on force is the reference 

method for this purpose, and offers advantages as low-cost, and good user compliance 

when they are embedded in the sensor systems of WRs [93, 90]. However, this meth-

odology presents some disadvantages, such as: difficulty in positioning the sensors on 

subjects with abnormal gait [95, 96]; impossibility of distinguish the load changes 

caused by weight shifting [1]; low durability which limits the applicability [97]; can 

be prone to mechanical failure; and to be unreliable when used with patients with 

drop-foot or shuffling-feet [98]. 

Other types of sensors, as accelerometers and gyroscopes, have been proposed for 

ambulatory gait analysis. Indeed these measurement devices are commonly used for: 

measuring or estimating spatiotemporal parameters and joint angle measurement; the 

reconstruction of the sagittal trajectory of limb segments; and provide continuous in-

formation during the gait cycle [99]. Moreover, recent technological developments 

have improved these sensors making them smaller, lighter, less expensive, and with 

relatively low energy consumption, so appealing for long term, outdoor ambulatory 

applications [99, 100]. 

Figure 5.1 Foot-switches to detect the gait phases during level walking of healthy subject. 

The detected events and phases of gait are: HS; FF ; HO; and swing phase. Taken from [92]. 
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Gyroscopes are sensors that measure the rotational response of a moving mass, 

determining the angular velocity [1]. Then, by means of mathematical operation inte-

gration the angles of hip, knee and ankle joints are calculated [101]. Thereby, the gy-

roscopes are capable of measuring the angular signals without being affected by grav-

ity, which does not happen with accelerometer devices that require additional signal 

processing to compensate the influence of gravity [1].  

Additionally, these sensors can be placed in any body segment, although the loca-

tion of gyroscope on the shank offers some advantages over other locations by the 

following reasons: there is less soft tissue movement on the shank than on the thigh; 

and the signal is less variable between subjects for shank signal with respect to the 

foot signal [99]. Thus, for application of detection of gait events, only one gyroscope 

is required, which has practical advantages in terms of cosmetics, cost, and easy 

placement.   

According to a survey study realized by Rueterbories et al. [1], accelerometers 

combined with gyroscopes tend to be the most used sensors to measure the gait pa-

rameters necessary for gait events detection.  

Also, IMUs, combining data from tri-axial gyroscopes, tri-axial accelerometers 

and tri-axial magnetometers, have arisen as the optimal solution to acquire biome-

chanical parameters during the gait [91]. IMUs are small, light, easy to don and doff 

and provide drift-free angles, angular velocities and linear accelerations with minimal 

latency [98]. Hereupon, the IMUs are effectively appropriate devices for the meas-

urement of biomechanical parameters with purposes of detection of events and phases 

gait.  

Rueterbories et al. [1] summarized the different sensor configurations, after re-

view of current studies that apply sensors for gait events detection. Also, they verified 

that there are different feasible solutions for sensor position in body segments, such 

as: abdomen for left (marked as A1 in Figure 5.2) and right limb (marked as A2 in 

Figure 5.2); thigh for left (represented as T1 in Figure 5.2) and right limb (presented 

in Figure 5.2 as T2); shank in left (marked in Figure 5.2 as S1) and right (depicted in 

Figure 5.2 as S2) side; and in the foot segment, mainly in heel, instep and metatarsal 

bones. Moreover, these configurations differ in terms of type of sensor (accelerome-

ter, gyroscope and magnetometers) and the dimensionality of axes (one, two or three 

dimensions).  
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5.1.2.Methods for detection of events and gait phases 

Relatively to the algorithms that compute the detection of events and gait phases, 

Rueterbories et al. [1] reported that the majority of studies applied the specification of 

a set of decision rules using gait measurements. The definition of these rules can be 

implemented by means of functional analysis of data (e.g. wavelet transformation im-

plemented by Aminian et al. [102]), inductive learning techniques (in which the rules 

result from associations between the gait measurements and the gait phases and 

events) or FSMs [1].  

There are a number of recent works that developed algorithms based on thresholds 

and decision rules for the detection of events and gait phases.  

Bruening and Ridge [96] compared nine real-time detection algorithms of events 

HS and TO, which used thresholds defined based on kinematic data. They concluded 

that the algorithm that detects the events HS and TO by means of the descending and 

ascending velocity thresholds in sagittal plane, respectively, is more appropriate [96].  

Also, O’Connor et al. [103] suggested an automatic detection of gait events using 

kinematic data. In fact, from the heel and toe markers they identified the features in 

the vertical velocity that correspond to these gait events.  

Figure 5.2 Overview of sensors devices and their corresponding positon at different seg-

ments of human body. Taken from [1]. 
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Halon and Anderson [93] developed a real-time gait event detection using force 

threshold (acquired from FSRs), i.e., the thresholds were defined based on observa-

tion of data from wearable sensors.  

On the other hand, González et al. [104] developed a real-time algorithm based on 

a set of heuristic rules, which defined the thresholds to detect the events HS and TO 

using vertical and antero-posterior trunk accelerations [104].  

Moreover, Gouwanda and Gopalai [105] presented a real-time method that com-

bines heuristic and zero-crossing methods to identify the events HS and TO using data 

from gyroscopes [105]. They, proved that the proposed method reduced time delays, 

at an average of 100 ms, comparatively to earlier reported methods.  

Additionally, Chia et al. [98] proposed a real-time and adaptive detector based on 

two IMUs sensors. In this work, besides of segmentation of the events HS and TO, 

was also detected the gait phase mid-swing (MS). In order to assure the correct setting 

of threshold for each gait event and gait phase, the authors proposed an automatic al-

gorithm with three stages: calibration, to define the thresholds used during real time 

detection; real-time detection, stage that identifies the gait phase and events; update, 

stage that ran in parallel with the real-time detection stage, and it complemented it by 

updating the thresholds using the newest correct gait events. Besides, the kinematic 

data used during the three stages are smoothed with low pass-filters to improve the 

online peak detection.  

 

According to the analysis of several studies, which define a set of decision rules 

for gait events detection, Rueterbories et al. [1] compiled in Figure 5.3 the kinematic 

data of gyroscope and accelerometer at different body positions in relation to foot 

contact signals. In fact, this figure presents the most common biomechanical signals 

of human walking, acquired in body segments highlighted in Figure 5.2. It is possible 

to verify that frequently the events HS and TO are detected by means of statistical 

features (e.g. maximum, minimum) of vertical angular velocity of shank and horizon-

tal acceleration of foot.  
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Nevertheless, the algorithms based on decision rules may suffer of limited gener-

alization capabilities, since they require a careful tuning able to overcome variations 

across different subjects and walking conditions [90, 93, 94]. Thus, current works 

have used machine learning methods, as artificial neural network (ANN) [95], hidden 

Markov model (HMM) [90] and fuzzy logic [106], to segment the gait phases and 

events [90]. Indeed, these methods have the capability of accommodating the relative-

ly large stride-to-stride variability observed especially in pathologic gait [90, 106].  

Fuzzy logic computes a smooth and continuous detection of gait phases (im-

portant for patients with vague foot pressure patterns), and it has shown to be more 

appropriate than threshold methods in situations with large step-to-step variability 

Figure 5.3 Kinematic data of gyroscopes and accelerometers at different body positions in 

relation to foot contact signals. Taken from [1]. 
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[106]. Senanayake et al. [106] demonstrated the success of fuzzy logic in gait phase 

detection based on foot pressure and knee angle.  

Miller [95] implemented an ANN composed by a single hidden layer to capture 

HS and TO in frames of motion, using the foot-switches signals of heel and toe. He 

concluded that once trained, the ANN was able to accurately and autonomously detect 

gait events in a wide variety of pathologic gait patterns and in normal gait, in both the 

barefoot and shod/braced conditions [95]. 

Mannini et al. [90] proposed a gait events detector based on angular velocity in 

the sagittal plane to feed a four-state left–right HMM [90]. Gait phase detection was 

achieved by estimating the most likely sequence of hidden states given an observed 

sequence of feature vectors, henceforth referred to as the optimal path [90].  

However, the machine learning algorithms present two disadvantages. First, it is 

difficult to compare the results to those from expert-based methods, since it is just 

possible to know how well they matched the expert; second, the detection accuracy 

may not increase as more sensors are added due to over-fitting [91].  

Thus, it is not possible to decide for an appropriate methodology for the gait event 

detection. According to each situation and to the available gait measurements, the au-

thors should consider the use of algorithms based on thresholds and decision rules or 

machine learning approaches.  

5.2.Strategy 

The proposed strategy should be general enough to be applied to gait data acquired 

in real time. Herein it is proposed and validated for high level control of Exo-H2 and 

for biped robots. In the context of locomotion strategies to be implemented in high 

level control of Exo-H2, one required is the detection in real-time of events and phas-

es of gait. Subsequently, this information will be applied in locomotion mode recogni-

tion (described in Chapter 6). 

For this purpose it was considered necessary the detection of gait events HS and 

TO, and the gait phases FF, maximum dorsiflexion (MD) and MS. As aforemen-

tioned, to detect these events and phases of gait it is necessary to use the signals pro-

vided by embedded sensors in the WR.  

Since the algorithm of the gait events detection should be integrated in the H2-

HAL board of Exo-H2, the selected strategy to compute the gait events detection 



Chapter 5 – Gait Events Detection 

 71 

should take into consideration the computational limitations of this processing unit. 

Thus, it was considered more applicable the implementation of FSMs than machine 

learning approaches, since these methods require additional libraries not supportable 

by the H2-HAL board.   

Hereupon, the selected strategy to compute the detection of events and phases of 

gait was a FSM that performs a transition when an event/phase is detected in the cor-

rect state and its amplitude matches an adaptive threshold.  

To ensure that the defined threshold is consistent with the current gait motion, the 

algorithm includes three phases: calibration, real-time detection and update, as shows 

the flowchart of Figure 4.  

The first phase, calibration, allows the automatic tuning of thresholds during the 

first 20 seconds of the gait cycle. The calibration duration was 20 seconds, in order to 

ensure the occurrence of 10 gait cycles since in the first seconds of walking the gait 

pattern is turbulent ad as such should be discarded.  

The thresholds specification for each event and phase are strongly related with the 

biomechanical parameters acquired with embedded sensors. Therefore, it is required 

an offline pre-analysis of biomechanical signals in order to choose which statistic fea-

ture of these signals best characterize each event and phase of gait. The fundaments of 

the chosen statistic features are presented in each sub-section of this chapter.  

During the real-time detection, the second phase, it is implemented the FSM, 

which determines the current gait event or gait phase. The decision rules were defined 

by means of an offline pre-analysis of the biomechanical signals, similarly to the cali-

bration phase. Again, in below sub-sections of this chapter are described the used 

fundaments to set these decision rules.  

Regarding to third phase, update, the thresholds are updated every 20 seconds in 

order to ensure the algorithm’s adaptability to changes in the gait pattern. Thus, it was 

defined the same window for the calibration and update of thresholds, due to same 

purposes. 

Due to the use of online peak detection it was necessary to smooth the data from 

the wearable sensors, through filters defined according to [98]. Additionally, a pre-

analysis of the data was performed. The kinematic signals that were used to calibrate 

and update the thresholds were filtered with a 10th order FIR filter with cut-off fre-

quency of 25 Hz.  On the other hand, the signals used in real-time detection were 

smoothed with a 1st order FIR filter with cut-off frequency of 10 Hz.  
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In order to clarify the adopted procedure for detection of events and gait phases is 

presented the flowchart of Figure 5.4, which depicts each phase of the proposed solu-

tion (calibration, real-time detection and update), and its execution sequence.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The locomotion strategy of detection of events and gait phases was implemented in 

C/C++ language, either for Exo-H2, either for DARwIn OP robot. However, the of-

fline pre-analysis was implemented by means of MATLAB® software.  

 

Figure 5.4 Flowchart of the implemented algorithm for gait events detection. 
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5.3.Validation with Exo-H2 

This section presents and explains the used fundaments for thresholds specification 

and decision rules, according to biomechanics of human-robot interaction. However, 

it is not possible to integrate the proposed strategy for online detection of gait phases 

and events during walking assisted by Exo-H2. In fact, due to technical problems of 

Exo-H2 the experiments of BioMot project are delayed, and thus it is not possible to 

present the results of this integration in this thesis. However, the proposed algorithm 

for detection of events and gait phases in walking assisted with Exo-H2 is already op-

erational in an exemplar of H2-HAL board, which was provided by BioMot project. 

5.3.1.Decision rules 

The Exo-H2 includes embedded sensors, as the potentiometer and strain gauges, 

which measure kinematics (angles of hip, knee and ankle joints) and kinetics (torque 

produced by the interaction between each user’s joint and the exoskeleton) of assisted 

walking with this WR, respectively. However, after analysing both these types of 

biomechanical parameters, it was concluded that the kinematic parameters provided 

more discriminative information of each event and phase of gait.  

The gait events and phases detection was computed for both lower limbs, using 

different thresholds values for each limb, although it has been implemented the same 

statistic feature (to set the threshold value) and the same decision rules to each limb.  

In order to execute the offline pre-analysis of kinematic data, it was necessary to 

take into consideration two aspects during data acquisition. First, the kinematic data 

should be acquired under the same conditions of real-time application of control strat-

egy. Second, it was necessary to record the moment of occurrence of each event and 

phase of gait during assisted walking. Thus, are gathered all required data to set deci-

sion rules and the thresholds values used in the finite state machine.  

During pre-analysis, the gait events HS and TO, and the gait phases FF, MD and 

MS were plotted over the angles of hip, knee and ankle joints. This information ena-

bled conclude that just knee and ankle angles can be used as biomechanical parame-

ters for gait events detection in this study.  Indeed, Figure 5.5 demonstrates this con-

clusion, in which each gait event corresponds to a specific statistic feature of knee or 

ankle angle. Figure 5.5 just depicts the angle of left limb, although the right limb has 

the same trajectory with only slight differences in terms of magnitude of values. 
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Based on information provided by Figure 5.5, the HS (marked with red continues 

line) event was defined as the second minimum of knee flexion/extension. This is the 

statistic feature used to set the threshold of HS event for the FSM. The same funda-

ment is applied for the followings events and phases. The FF (marked with green con-

tinues line) and the TO (marked with red dashed line) were established as the second 

and first minimum of ankle flexion/extension, respectively. The first and second max-

imum of ankle dorsiflexion/plantarflexion defined the MD (marked with green dashed 

line) and MS (marked with blue continues line), respectively.  

To increase the robustness of the gait detector, the decision rules did not match ex-

actly to the threshold values but were set according to a statistic interval. In other 

words, during the 20 seconds of calibration and update stages, it was determined the 

mean and standard deviation of thresholds, which correspond to the aforementioned 

statistic features. Thus, the decision rules applied in FSM of real-time detection phase 

to check the occurrence of a new state verify if the kinematic signal belongs to the 

Figure 5.5 Kinematic signals of knee (top) and ankle (bottom) joints and representation of gait 

events and phases during level-ground walking of healthy subjects using the Exo-H2. 



Chapter 5 – Gait Events Detection 

 75 

interval of mean ± standard deviation. Equations (5.1) to (5.5) clarify the interval used 

(decision rule) to detect HS event, FF phase, MD phase, TO event and MS phase for 

both lower limbs, respectively, where min is the minimum value, max is the maxi-

mum value, std is the standard deviation, and | indicates the 20 seconds time interval.  

 
𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒)|20) − 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒)|20) < 

𝐻𝑆 < 𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒)|20) + 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒)|20) 
(5.1) 

 
𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) − 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) < 

𝐹𝐹 < 𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) + 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) 
(5.2) 

 
𝑚𝑒𝑎𝑛(|𝑓𝑖𝑟𝑠𝑡 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) − 𝑠𝑡𝑑(|𝑓𝑖𝑟𝑠𝑡 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) < 

𝑇𝑂 < 𝑚𝑒𝑎𝑛(|𝑓𝑖𝑟𝑠𝑡 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) + 𝑠𝑡𝑑(|𝑓𝑖𝑟𝑠𝑡 min(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) 
(5.4) 

 
𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) − 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) < 

𝑀𝑆 < 𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) + 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) 
(5.5) 

 

5.3.2.Finite state machine  

As aforementioned, with implementation of this locomotion strategy in Exo-H2 it 

is intended to detect the gait events HS and TO and the gait phases FF, MD and MS.  

Thus, there are five possible states in FSM, as depicted in Figure 5.6. All possible 

transitions of state are considered in the diagram state of Figure 5.6, since this algo-

rithm will be integrated in assistance of abnormal gait patterns, where the normal se-

quence of events and phases gait can be changed. In fact, in the context of normal gait 

pattern only is possible the following sequence of transitions: HS to FF; FF to MD; 

MD to TO; TO to MS; MS to HS. However, this sequence may not appear during as-

sistance of Exo-H2 in subjects with impaired walking.  

In Figure 5.6 are marked the five decisions, specified above, which are responsible 

for the occurrence of transition. The decision rule are identified as follows: 5 indicates 

the transition from any other state to HS state, and corresponds to equation (5.1); 1 

indicates the transition from any other state to FF state, and corresponds to equation 

𝑚𝑒𝑎𝑛(|𝑓𝑖𝑟𝑠𝑡 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) − 𝑠𝑡𝑑(|𝑓𝑖𝑟𝑠𝑡 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) < 

𝑀𝐷 < 𝑚𝑒𝑎𝑛(|𝑓𝑖𝑟𝑠𝑡 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) + 𝑠𝑡𝑑(|𝑓𝑖𝑟𝑠𝑡 max(𝐴𝑛𝑘𝑙𝑒 𝐴𝑛𝑔𝑙𝑒)|20) 
(5.3) 
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(5.2); 2 indicates the transition from any other state to MD state, and corresponds to 

equation (5.3); 3 indicates the transition from any other state to TO state, and corre-

sponds to equation (5.4); and 4 indicates the transition from any other state to MS 

state, and corresponds to equation (5.5). 

 

 
Figure 5.6 State diagram of FSM implemented in second phase, real-time detection, for detec-

tion of events and phases gait. 

 

It is noted that the state diagram of Figure 5.6 just represents the FSM used in one 

lower limb, although a similar one with different thresholds has been implemented for 

the other limb. 

Table 5.1 depicts the mean and the standard deviation values of the thresholds de-

fined by equations (5.1) to (5.5) for each gait event and gait phase for both lower 

limbs. These were found during offline pre-analysis. However, it is possible to verify 

from Figure 5.5 that the thresholds values used in the detection of FF and MS phases 

also occur in other moment of the trajectory of ankle angle. Thus, in order to ensure a 

correct detection, for the detection of these two phases, it was also taken into consid-

eration the value of knee angle (presented in Table 5.1 as KA) in the moment of the 

selected statistic features.  
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The decision rules are specified based on these two information, as can be seen in 

Table 5.1, which if verified enable the occurrence of state transition. Thus, Table 5.1 

summarizes the results of offline pre-analysis performed for tuning the algorithm of 

events and phases gait detection, to be integrated in Exo-H2.   

 
Table 5.1 Thresholds and decision rules for both lower limbs (right and left) found during of-

fline pre-analysis of algorithm to detect the gait events and gait phases during assisted walking with 

Exo-H2. Also, is presented the state transition (T) associated each decision rule 

 

 

Gait 

event 

/phase 

(state) 

Lower 

limb 

side 

Threshold 

Decision rule T 
Statistic feature Mean (º) 

Standard 

deviation 

HS 
Left minimum of knee 

 flexion/extension 

15.59 0.74 15.50-0.74 < HS< 
15.50+0.74 5 

Right 16.06 0.88 16.06-0.88 < HS< 
16.06+0.88 

TO 
Left first minimum of 

ankle flexion/ 

extension 

-7.32 0.43 -7.32 - 0.43< TO < 
-7.32 + 0.43 

1 
Right -7.38 0.37 -7.38 -0.37< TO < 

-7.38 + 0.37 

FF 

Left second minimum 

of ankle flexion/ 

extension 

4.81 0.14 
(4.81 - 0.14< FF < 
4.81 + 0.14) &&  

KA ≅16.75º 
2 

Right 4.83 0.21 
(4.83 - 0.21< FF < 
4.83 + 0.21) && 

 KA ≅16.80º 

MD 

Left first maximum of 

ankle dorsiflex-

ion/ plantarflexion 

15.73 0.17 -15.73 - 0.17< MD < 
-15.73 + 0.17 

3 
Right 15.56 0.24 

15.56 - 0.24< MD < 
-15.56 + 0.24 

MS 

Left second maximum 

of ankle dorsiflex-

ion/ plantarflexion 

8.88 0.29 
(8.88 - 0.29 <MS < 

8.88 + 0.29) &&   
KA ≅35.8º 

4 

Right 8.28 0.28 
(8.28 - 0.28 < MS < 

8.28 + 0.28) &&  

KA ≅35.21º 
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5.3.3.Discussion  

The proposed strategy was not yet tested in Exo-H2. However, were verified some 

aspects during development of this algorithm, that should be discussed.  

From Table 5.1 it is verified that the threshold values of the two lower limbs are 

different, therefore it is verified the need of tuning independently each FSM of each 

limb.   

It is verified that the statistic features used in this thesis for TO event and FF and 

MD phases during walking with WR are consistent with the study realized by Au et 

al. [107], where the events and phases of gait are plotted under the kinematics of an-

kle joint. Nevertheless, the decision rule defined in the present study to detect the TO 

event is not consistent with the decision rule set in [107], which were tuned from hu-

man level-ground walking. Therefore, it is verified that the gait event detector based 

on thresholds depend on the gait measurements and the walking context (healthy hu-

man level-ground walking, assisted walking with WR, impaired walking of subject, 

biped robots, and others).   

From Figure 5.5 it is verified that the TO event occurs approximately around 80% 

of gait cycle, while in human level-ground walking it occurs near 60% (as described 

in Chapter 3). Thus, it is verified that the gait event detectors tuned to walking assist-

ed with WR, will only correctly detect events and gait phases during walking assisted 

with WR, since the human-robot interaction changes the value of biomechanical pa-

rameters.   

Comparing the proposed strategy with literature studies, it is verified that in this 

thesis it is proposed a more complete events and gait phases detector to be integrated 

in assistive device (Exo-H2), using solely the biomechanical data acquired from WR 

embedded sensors. Thus, the locomotion strategy here presented brings an adaptive 

and more complete tool for online detection of events and phases of gait.    

5.4.Validation with DARwIn OP 

The proposed strategy is also validated in simulated humanoid locomotion. For 

this purpose it was used the DARwIn OP walking in simulated environment in 

WebotsTM software. Results shows the algorithm is sufficiently adaptive to detect the 

gait events of the DARwIn OP robot. 
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5.4.1.Decision rules 

As aforementioned, the definition/selection of the statistic features of thresholds 

and decisions rules depends on the gait measurements and the walking context. Thus, 

for validation in DARwIn OP it was necessary to set both new statistic features of 

thresholds and new decisions rules, although the same fundaments and strategies that 

were used in Exo-H2 situation have been applied.  

The DARwIn OP robot (see Chapter 4 for details) includes a sensory system com-

posed by tri-axial gyroscopes and tri-axial accelerometers, which acquire kinematics 

data of: pelvis; upper leg; lower leg; ankle; and foot segments of DARwIn OP. Also, 

it were introduced 4 FSRs under sole of each DARwIn OP foot, two in forefoot and 

the others two in heel. These four signals for each foot allow the determination of HS 

and TO events for each lower limb. Therefore, it is possible to proceed to an online 

detection of these two events.  

Figure 5.7 depicts the location of embedded sensors of the DARwIn OP used in al-

gorithm of gait events detection, as will be explained below.  

 

By means of these two types of signals it was possible to execute the offline pre-

analysis in order to define the features of thresholds and decisions rules. Once again, 

the gait events were plotted over kinematic signals of segments pelvis, upper leg, 

lower leg, ankle and foot. Based on the achieved results it was verified that just upper 

Figure 5.7 Location of embedded sensors of DARwIn OP used in algorithm of gait events de-

tection: a) upper leg sensor location; b) disposition of 4 FSRs sensors under the foot of DARwIn OP. 
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leg angle provides discriminative features of HS and TO events, as illustrated in Fig-

ure 5.8. 

 Figure 5.8 just depicts the angle of left limb, although the right limb has the same 

trajectory with only slight differences in terms of magnitude of values. 

 

From Figure 5.8 it was verified that the HS event is specified as the 20th sample 

(considering the sample frequency of 125 Hz) after occurring the minimum upper leg 

angle. This is the feature (in this case was not used a statistic feature) used to set the 

threshold of HS event for the FSM. Relatively to TO event, its statistic feature is the 

maximum upper leg angle. Thus, these features will be used during calibration and 

update phases in order to compute the mean and standard deviation of thresholds. The 

values of these features are those that will be used to set the decision interval of real-

time detection phase. Consequently, if the upper leg angle respects the interval of 

equation (5.6) or equation (5.7), then the gait event HS or TO is detected, respective-

ly. In both equations min is the position of minimum value, max is the maximum val-

ue, std is the standard deviation, and | indicates the 12 seconds time interval of cali-

bration and update (see sub-section 5.4.3 that explains the choice of this interval). In 

Figure 5.8 Real angle of left upper leg and representation of gait events during level-

ground walking of DARwIn OP humanoid robot.  
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equation (5.6), 20 indicates the 20th sample after occurring the minimum, and V indi-

cates the value in position that results of the sum of min with 20th sample.     

 
𝑚𝑒𝑎𝑛(|V(min(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒) + 20)|12) − 𝑠𝑡𝑑(|𝑉(min(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒) + 20)|12)

< 𝐻𝑆 < 

𝑚𝑒𝑎𝑛(|V(min(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒) + 20)|12) + 𝑠𝑡𝑑(|𝑉(min(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒) + 20)|12) 

(5.6) 

 
𝑚𝑒𝑎𝑛(|max(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒)|12) − 𝑠𝑡𝑑(| max(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒)|12) < 𝑇𝑂 < (5.7) 

𝑚𝑒𝑎𝑛(|max(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒)|12) + 𝑠𝑡𝑑(|max(𝑈𝑝𝑝𝑒𝑟 𝑙𝑒𝑔 𝐴𝑛𝑔𝑙𝑒)|12) 

 

5.4.2.Finite state machine  

In the context of gait events detection in DARwIn OP robot it is intended the de-

tection of HS and TO events. Thus, these two events correspond to two possible states 

of FSM, as shown in Figure 5.9. From Figure 5.9 it is also verified that there are two 

state transitions. The first transition (marked as 1 in Figure 5.9) corresponds to transi-

tion from HS state to TO state, which is defined by decision rule of equation (5.7). 

The second transition (marked as 2 in Figure 5.9) is from TO state to HS state, which 

happens when the decision rule defined in equation (5.6) occurs. Note that the state 

diagram of Figure 5.9 just represents the FSM used in one lower limb, although a sim-

ilar FSM was set for the other lower limb, with different threshold values.  

 

Table 5.2 depicts the mean and the standard deviation values of defined thresholds 

for HS and TO events, as well as the interval of each decision rule, which is defined 

as indicated in equations (5.6) and (5.7), respectively. All values of Table 5.2 were 

found during offline analysis, and constitute a reference for online implementation of 

gait events detection in DARwIn OP robot. The determined threshold values for each 

lower limb are slightly different, although it is used the same feature for specification 

Figure 5.9 State diagram of FSM implemented in second phase, real-time detection, of 

gait events detection in DARwIn OP robot. 
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these values. Also, in Table 5.2 it is identified the state transition (aforementioned) 

associated to each decision rule. 

 
Table 5.2 Thresholds and decision rules for both lower limbs (right and left) found during pre-

analysis of algorithm to detect the gait events during assisted walking with DARwIn OP in environ-

ment of the WebotsTM. Also, is presented the transition  (T) associated each decision rule 

  

5.4.3.Experiment and results 

During the experiment, the detected event and real time of simulation were record-

ed in a text file, in order to perform a posteriori analysis of the algorithm efficiency. 

To simplify the record of gait events it was attributed an identification to each gait 

event, as indicated in Table 5.3. Also, during the calibration stage was sent the identi-

fication -1 in order to indicate that the algorithm still remained at this stage.  

Additionally, as the validation occurs in simulation environment, it was reduced 

the duration of calibration stage for 12 seconds, due to two following reasons. First, 

the control algorithm of humanoid robot presents a wait function, of approximately, 

2.5 seconds that is applied during the first seconds of simulation. This duration corre-

sponds to required time for activation and coordination of all system. The second rea-

son is due to the existence of few perturbations over gait cycle simulated by Webot-

sTM, and thus the calibration stage can be reduced. Likewise, the interval of time for 

occurrence of the update stage was reduced to 12 seconds.  

Gait 

event 

(state) 

Threshold 

Decision rule T 

Feature Mean (º) 
Standard 

deviation (º) 

Right 
HS 

minimum of upper leg 
flexion/ extension + 20 

samples 
-35.94 0.0012 -35.94-0.0012< HS 

< -35.94+ 0.0012 
2 

Right 
TO 

maximum  of upper leg 
flexion/ extension 

-13.07 0.0037 
-13.07-0.0037 < 

HS< -13.07 + 
0.0037 

1 

Left HS 
minimum of upper leg 
flexion/ extension + 20 

samples 
-35.94 6.74e-04 

-35.94-6.74e-04 
<TO < -35.94+ 

6.74e-04 
2 

Left TO 
maximum  of upper leg 

flexion/ extension 
-13.09 0.0096 -13.09-0.0096 < TO 

< -13.09 + 0.0096 
1 
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From the results recorded in the text file were created the signals of Figure 5.10, 

which represent the state transition of gait events over the gait cycle. In Figure 5.10.a) 

is depicted an example of a complete simulation, where it is feasible to verify the first 

2.5 seconds without any recorded gait event, due to the wait function of walking con-

trol of DARwIn OP. Also, in the same figure it is shown the duration of 12 seconds 

(considering a sample frequency of 125 Hz) of calibration stage. Subsequently, begins 

the real-time detection stage, in which takes place the detection of events and gait 

phases. Figure 5.10.b) is an amplification of results of the real-time detection stage, 

where it is possible to verify that there is a repetitive sequence of state transition of 

gait events: right HS (marked as 1); left TO (marked as 4); left HS (marked as 3); 

right TO (marked as 2).  

 

Table 5.3 depicts the mean values and the standard deviation values of thresholds 

used during real-time detection of HS and TO events, for right and left limb. Also, is 

presented the attributed identification of each gait event. It is verified that different 

threshold values are used for the two lower limbs in real-time detection stage of gait 

event detector. Thereby, it is proved that the FSM should integrate distinct state tran-

sitions to detect the HS and TO events of two lower limbs.  

Figure 5.10 Representation of gait events recorded during the simulation of proposed strategy to 

compute the gait events detection in DARwIn OP robot: a) complete simulation; b) amplification of a 

period of real-time detection.   



Chapter 5 – Gait Events Detection 

 

 84 

Table 5.3 Thresholds and decision rules for both lower limb (right and left) found in real-time 

stage of algorithm to detect the gait events during assisted walking with DARwIn OP in environment 

of the WebotsTM. Also, is presented the attributed identification of each gait event 

Gait event 

(state) 

Identification 

of gait event 

Thresholds 

Mean (º) Standard deviation (º) 

Right HS 1 -35.94 0.0012 

Right TO 2 -13.073 0.0037 

Left HS 3 -35.94 6.7372e-04 

Left TO 4 -13.09 0.0096 

 

5.4.4.Discussion  

The locomotion strategy proposed for online detection of events and phases of gait 

has shown to be an adaptive  and general tool, since it can be applied in different con-

texts of gait (e.g. walking assisted by WR, walking of humanoid robot). The only as-

pect that should be adapted for each context is the feature used to specify the deci-

sions rules, and subsequently the threshold values.   

From depicted results in Figure 5.10 it is verified that the sequence of HS and TO 

events of DARwIn OP robot is repeated over the gait cycle. This sequence of events 

(right HS, left TO, left HS, right TO) is the same sequence presented in a normal gait 

pattern (represented in Figure 3.3), as was expected. In fact, the DARwIn OP robot is 

a humanoid robot that simulates the walking of healthy subject, and thus present simi-

lar gait characteristics.  

 Other aspect that should be taken in consideration is the specification of different 

threshold values for the lower limbs, according to distinct threshold values for right 

and left limbs, presented in Table 5.3. Indeed, even in a normal gait pattern there are 

slight deviations of biomechanical parameters for each limb.  

Additionally, it was verified that the decision rules used to specify the adaptive 

thresholds were different from those presented in literature [96, 103, 93, 1], due to 

different contexts of implementation of gait detector. Effectively, as aforementioned, 

the selection process of the most appropriate features to detect each gait event de-

pends on the available biomechanical parameters and of their behavior during gait 

cycle.   
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Comparing Table 5.2 and Table 5.3 it is verified that the mean values and the 

standard deviation values of thresholds found in offline pre-analysis and in real-time 

detection stage, respectively, are the same. This it is expected due to the use of simu-

lation environment that applies the same CPGs for the control of walking when no 

noise is considered in the actuators and in the sensors (see Chapter 4), and thereby the 

simulated gait pattern in different experiments is the same. Thus, it is concluded that 

the integration of the gait event detector with the walking control algorithm of DAR-

wIn OP does not introduce alterations in the robot gait performance.   

Hereupon, the accurate introduction of the gait events detection, proposed in this 

thesis, in DARwIn OP robot will allow the online gait analysis of walking perfor-

mance of this robot. Besides, the online gait analysis will be favoured by the imple-

mentation of an adaptive threshold instead of a fixed one, since this analysis will be 

consistent with the current gait motion and will be robust enough to accommodate 

possible sporadic perturbations that take place and to different locomotion contexts 

(walking up and down slopes, and others).   

5.5.Validation with data of healthy subjects  

The proposed strategy is also validated with data acquired from healthy subjects 

during walking ground level with free walking speed. Since there is no available da-

tabase with biomechanical signals recorded under these conditions, it was necessary 

to delineate an experiment that was realized in “Hospital National de Parapléjicos” of 

Toledo, Spain. This trial was performed by one healthy subject (26 years, weight of 

58 kg, and height of 1.70 m) during walking on level ground. 

For data acquisition it was used a Codamotion system (Codamotion V6.76.4-

CX1/MPX30) that provides information which allows individual gait to be character-

ised with little interference to the patient. In fact, Codamotion’s measurement tech-

nology uses miniature infra-red ‘active’ markers, each with their own unique identity, 

to track the key positions on any subject. Signals from these ‘active’ markers are 

beamed to three linear arrays inside a Codamotion unit which provides an immediate 

and precise 3D measurement.  

In this thesis it was considered the validation of the proposed strategy with data of 

healthy subjects since the segmentation of the events and gait phases in this context is 
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already known. As such, the proposed algorithm should be capable of presenting the 

same results that those reported in literature, as described in Chapter 3.  

5.5.1.Decision rules 

As aforementioned, the definition/selection of the statistic features of thresholds 

and decisions rules depends on the gait measurements and the walking context. Thus, 

for validation with data from healthy subjects was necessary to set both new statistic 

features of thresholds and new decisions rules, although the same fundaments and 

strategies that were used in two previous situations have been applied.  

From recorded signals by the markers of Codamotion system it was possible to 

extract biomechanical signals from three joints (hip, knee and ankle joint) of right 

lower limb. Effectively, biomechanical signals considered during offline pre-analysis 

were: angle (degree), moment (Nm/kg) and power (W/kg). It was verified that the tra-

jectories acquired with in this thesis were similar to the presented in literature (see 

Figure 3.9). Therefore, the information provided by Figure 3.9 relatively to behaviour 

of each biomechanical signal in each gait events or gait phase was used as reference 

to definition of  the statistic features. As in Figure 3.9 the gait phases FF and MD do 

not identified, thus in this sub-section is validated the detection of HS and TO events 

and MS gait phase.    

By comparing the acquired trajectories with Codamotion and those of Figure 3.9 it 

was verified that angle of knee joint and the moment of ankle torque provide discrim-

inative features of HS and TO events and MS phase, as illustrated in Figure 5.11. 

From Figure 5.11 it is verified that the statistic feature of HS event is the second 

minimum of knee angle. This is the statistic feature used to set the threshold of HS 

event for the FSM. Relatively to the TO event, its statistic feature is the second mini-

mum of  ankle moment. The MS phase is specified as the 10th sample (considering the 

sample frequency of 200 Hz) after occurring the maximum knee angle.  
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The specified features will be used during calibration and update phases in order to 

compute the mean and standard deviation of thresholds. The values of these features 

are those that will be used to set the decision interval of real-time detection phase. In 

this way, if the knee angle respects the interval of equation (5.8) or equation (5.10), 

then the HS event or MS phase are detected, respectively. On the other hand, the TO 

event is detected if the ankle moment respects the interval of equation (5.9). In equa-

tions (5.8) and (5.9) min is the minimum value, max is the maximum value, std is the 

standard deviation, and | indicates the 2 seconds time interval of calibration and up-

date phases (see sub-section 5.5.3 that explains the choice of this interval).    

 
𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐾𝑛𝑒𝑒𝐴𝑛𝑔𝑙𝑒)|2) − 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒)|2) < 

𝐻𝑆 < 𝑚𝑒𝑎𝑛(|second min(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒)|2) + 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒)|2) 
(5.8) 

 
𝑚𝑒𝑎𝑛(|second min(𝐴𝑛𝑘𝑙𝑒 𝑚𝑜𝑚𝑒𝑛𝑡)|2) − 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐴𝑛𝑘𝑙𝑒 𝑚𝑜𝑚𝑒𝑛𝑡)|2) < 𝑇𝑂

< 𝑚𝑒𝑎𝑛(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐴𝑛𝑘𝑙𝑒 𝑚𝑜𝑚𝑒𝑛𝑡)|2)

+ 𝑠𝑡𝑑(|𝑠𝑒𝑐𝑜𝑛𝑑 min(𝐴𝑛𝑘𝑙𝑒 𝑚𝑜𝑚𝑒𝑛𝑡)|2) 
(5.9) 

 

Figure 5.11 Angle of knee joint (top), moment of ankle joint (button) and represen-

tation of events and gait phase during level-ground walking of healthy subjects.   



Chapter 5 – Gait Events Detection 

 

 88 

In equations (5.10) max is the position of maximum value, std is the standard devi-

ation, 10 indicates the 10th sample after max, and V indicates the value in position that 

results the sum of max and 10th, and | indicates the 2 seconds time interval of calibra-

tion and update phases.  

 

𝑚𝑒𝑎𝑛(|V(max(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒) + 10)|2) − 𝑠𝑡𝑑(|𝑉( max(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒) + 10)|2) < 𝑀𝑆

< 𝑚𝑒𝑎𝑛(|V(max(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒) + 10)|2)

+ 𝑠𝑡𝑑(|V(max(𝐾𝑛𝑒𝑒 𝐴𝑛𝑔𝑙𝑒) + 10)|2) 
(5.10) 

 

5.5.2.Finite state machine 

As the biomechanical signals were only computed for right limb, then the FSM 

was implemented to detect the HS and TO events and MS phase only with threshold 

values of this limb. Additionally, the sequence of events and gait phases of the normal 

gait pattern is already established in literature, and for this reason this information 

was to taken in consideration in the development of the FSM.  

In the context, it is intended the detection of HS and TO events and MS phase. 

Thus, these events and gait phase correspond to three possible states of FSM, as 

shown in Figure 5.12. There are also there are three state transitions, which consider 

the sequence of events and gait phases of the normal gait pattern depicted in Figure 

3.3. In this case, the sequence of leading limb (right lower limb) is: HS event; TO 

event; and MS phase. The decision rules responsible for each state transition are iden-

tified as follows: 1 indicates the transition from HS state to TO state; 2 indicates the 

transition from TO state to MS state; 3 indicates the transition from MS state to HS 

state. 
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As the knowledge of the previous state (state-1) is taken into consideration, it is 

necessary to add this information to mean and standard deviation values found by the 

equations (5.8) , (5.9) and (5.10) in order to define the decision rules implemented for 

detection of HS and TO events and MS phase, as shown in Table 5.4. Also, in Table 

5.4 it is identified the state transition (aforementioned) associated to each decision 

rule.  

 

 

Table 5.4 Thresholds and decision rules of right lower limb found during offline pre-

analysis to detect the events and gait phase during walking on level ground. Each decision rule takes 

in consideration the threshold values and the information of previous state (state-1), which can be: HS 

event; TO event; MS phase; or calibration phase (-1). Also, is presented the transition  (T) associated 

each decision rule 

Gait 

event 

(state) 

Threshold 

Decision rule T 

Feature Mean (º) 
Standard 

deviation (º) 

Right 
HS 

second minimum of 
knee flexion/ extension 

7.27 0.12 

(7.27-0.12< HS < 
7.27+0.12)  && 

(state-1=MS ||  
 state-1=-1) 

3 

Right 
TO 

second minimum of 
ankle moment 

0.04 0.0037 
(0.04-0.0037 < TO 

< 0.04+ 0.0037) 
&& state-1=HS 

1 

Right 
MS 

maximum of knee flex-
ion/ extension +10 

63.31 0.23 
(63.31-0.23< MS < 
63.31+0.23)  && 

state-1=TO 
2 

Figure 5.12 State diagram of FSM implemented in second phase, real-time detection, 

for detection of events and gait phases with data of healthy subjects. 
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5.5.3.Experiment and results 

The experiment was performed for one subject and for this reason the data used in 

offline pre-analysis are the same used in real-time detection.  

In order to simulate the real-time detection, the values of the knee angle and ankle 

moment were stored in a text file and introduced in the algorithm developed in C lan-

guage one-by-one, by means of a read function herein created.  

As described in previous section, the events and phase detected during real-time 

detection phase were recorded in a text file, in order to perform a posteriori analysis 

of the algorithm efficiency. To simplify the record of gait events it was attributed the 

following identification: -1 correspond to calibration phase; 1 corresponds to HS 

event; 2 identifies the TO event; and 3 identifies the MS phase.    

Additionally, as the biomechanical signals used during this validation were the 

ones normalized during the acquisition, these signals do not present noise and or any 

other variability. Consequently, the duration of calibration and update phases was re-

duced to 2 seconds (2 gait cycles). Subsequently, the mean and standard deviation 

values for specified thresholds during the validation are similar to those presented in 

Table 5.4, found in pre-analysis.  

From the results recorded in the text file, it is possible to visualize the state transi-

tion of events and gait phase over of time. These are depicted in Figure 5.13. In Fig-

ure 5.13 is feasible to verify the first 2 seconds assigned for calibration phase. Subse-

quently, begins the real-time detection phase, in which takes place the detection of 

events and gait phases. Effectively, the order of state transition presented in Figure 

5.13 corresponds to the normal sequence of events and gait phase for one lower limb: 

HS (marked as 1); TO (marked as 2); MS (marked as 3).  

Additionally, note that the time interval between the occurrence of each detected 

state is consistent with the information mentioned in literature (see Figure 3.3). In 

fact, the HS event takes place in the initial contact phase (0-2% of gait cycle), and un-

til pre-swing phase (50-60%) the proposed FSM does not detect the TO event, as ex-

pected. Also, it is verified that the TO event is detected in the pre-swing phase, and 

the FSM continues to indicate this event until the mid-swing phase, near 75% of gait 

cycle. From this moment, the algorithm returns the MS phase until a new gait cycle 

starts with HS event. Therefore, as shown in Figure 5.13, by means of the developed 

detector the HS event is detected from 0% until, approximately, 60% of gait cycle. 
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Then, takes place the TO event until 75% of gait cycle, at the time that is detected the 

MS phase.      

 

 
Figure 5.13 Representation of calibration phase (marked as -1), detected HS event (marked as 

1), detected TO event (marked as 2) and detected MS phase (marked as 3) during the validation of pro-

posed strategy for detection of events and gait phases in healthy subjects.   

 

5.5.4.Discussion 

By means of the validation of the proposed strategy with data of healthy subjects it 

is verified that the implemented detector is capable to correctly segment the events 

and gait phases. In fact, the order of events and gait phase detected is consistent with 

normal gait pattern mentioned in the literature [53, 52]. 

Additionally, note that the application of the proposed strategy in other locomotion 

context requires the adaptation of statistic features to this context, due to the presence 

of different gait patterns and/or due to the available biomechanical signals. As such, 

this is the only requirement that should be taken in consideration for the application of 

the proposed tool for detection of gait events and phases in different contexts  of gait 

analysis. Therefore, the locomotion strategy proposed for online detection of events 

and phases of gait has shown to be an adaptive  and general tool.  

Also, it is important to mention that the implementation of an adaptive threshold 

instead of a fixed one, turns the detector robust enough to accommodate possible spo-

radic perturbations that usually may occur.  
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Chapter 6 – Locomotion Mode Recognition 

In this chapter are described all performed and proposed procedures for locomo-

tion mode recognition in offline and real-time scenarios. This strategy is one of the 

tasks to be realized in WP6 of BioMot project. Firstly, it is presented a state of the art 

of locomotion mode recognition, highlighting the reasons for integrating this strategy 

in high level control of WR during therapeutic training, as well as highlighting the 

most common methods used to perform human movement recognition.  

The development of the locomotion strategy described in this chapter was initiated 

in CSIC, where it was proposed an algorithm to implement offline locomotion mode 

recognition. However, as initially settled, the work would advance during the stay in 

CAR, being proposed new methods in order to increase the potentiality of the devel-

oped tool for locomotion mode recognition. The introduced alterations consist in the 

implementation of a genetic algorithm (GA) in the feature selection stage, and in the 

evaluation of using or not cross-validation methods for locomotion mode recognition. 

In fact, the introduction of these new methods resulted from the critical analysis ac-

complished in CAR that compares the highlighted methods to perform the human 

movement recognition. The proposed procedure for real-time scenario was also de-

veloped in CAR taken into account the limitations of H2-HAL board of Exo-H2. This 

board was provided by BioMot coordinator of CSIC in order to be used over of the 
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development of this thesis. This board was programmed and tested during the stay in 

CAR.   

6.1.State of the art  

A number of studies have argued that the locomotion mode recognition: 1) allows 

to choose a task of gait training oriented for the subject pathology [7]; 2) has great 

potential as a quantitative and non-invasive diagnostic tool [108, 109, 110, 111]; 3) 

allows to plan a future treatment [108, 109, 110]; and also permits to quantify and to 

assess the changes that occur over the treatment [108, 109, 110]. Additionally, the de-

velopment of automatic systems for clinical gait analysis provides for an objective 

technique; allows for massive manipulation of data in real-time; is a faster process if 

compared to normal procedures; and contributes to optimize financial resources [108, 

112, 113]. However, the major limitation of the automatic recognition is that it does 

not incorporate the historical clinical information of patient in the diagnose analysis 

[74].  

The implementation of locomotion mode recognition requires the consideration of 

diverse types of biomechanics parameters, such as: spatiotemporal, kinematics, kinet-

ics and neuro muscular activity. These parameters generally interact nonlinearly and 

provide distinct information about the status of gait function [112, 114]. Indeed, the 

temporal parameters are able to discriminate gait pattern in term of symmetry [115]. 

A kinematic and kinetic 3D analysis can reveal gait deficits and/or adaptive strategies 

of patients walking at comfortable and fast gait speeds [7, 116]. In addition, the neural 

muscular activity quantifies the locomotor pattern of the patients [7] 

According to current studies found in the literature [113, 117, 118, 119, 120, 121, 

122] it is feasible to conclude that the locomotion mode recognition is a control strat-

egy mainly formed by stages: gait parameters determination, which provides the fea-

tures required for next stages; selection of most relevant features of locomotion mode; 

and classification, i.e., identification of each gait pattern during a trial of locomotion. 

A state of the art of the last two stages will be presented below.  
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6.1.1.Feature selection methods  

Recent advances in data acquisition have led to an enormous increase in the num-

ber of empirical signals, having in common the need for a priori selection of suffi-

cient empirical quantities for recognition of patterns [123].  

Data reduction techniques, as the subjective selection of parameters from gait 

waveforms (e.g. peak values, magnitudes at specific gait cycle events) are popular due 

to their simplicity [124]. However, this methodology is often subjective, and chooses 

parameters that can be highly correlated [124]. Thus, in order to improve the classifi-

cation performance (e.g. to increase the accuracy) [125, 113, 126], to select the fea-

tures that represent maximal separation between the classes [3, 127], and to provide 

faster and more cost-effective models [128, 127], methodologies of features selection 

have been implemented. These methodologies can be organized into three categories: 

filter methods (open-loop methods); wrapper methods (closed-loop methods); and, 

embedded methods (closed-loop methods, which also can be seen as part of wrapper 

methods) [127, 129].  

Filter methods work on the data without considering the classification algorithm. 

Consequently, the evaluation of the data set, realized with a heuristic criterion, only 

depends on the data inner properties (e.g. distribution of the values, correlation be-

tween features and the class) [127, 129].  

On the other hand, the wrapper methods use a heuristic criterion to evaluate the 

different subsets based on a particular classifier performance. Thus, to select the fea-

tures, the wrapper methods consider the data and the classifier properties [127, 129].  

Embedded methods have the advantage that they include the interaction with the 

classification model, while at the same time are far less computationally expensive 

than wrapper methods [127].  

 

The feature selection methods commonly used in the walking recognition are prin-

cipal component analysis (PCA) and their derived kernel PCA (kPCA) (filter meth-

ods), GA (wrapper method), and hill-climbing (embedded method) [129, 130].  

PCA is a widely used technique for features selection [123, 131]. The aim of the 

PCA is to find the optimal linear transformation that best represents the data in the 

least square sense [3]. It yields a set of orthogonal bases in a new coordinate system 

and captures the directions of maximum variance in the training data [3, 122, 117, 
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132]. The dimensional reduction is performed by keeping the first principal compo-

nents (PCs), i.e., the values that retain the most variance of the data [3, 126]. Thus, the 

PCA maintains the main components of low level, ignoring higher level components, 

and also it allows a separation of invariant and variant properties of coordination, 

which is essential in studies of motor variability [123, 117].  

kPCA is a dimensional reduction technique of nonlinear data that maps the input 

data into a higher-dimensional feature space through of a kernel function (e.g. linear, 

polynomial and radial basis function (RBF) kernels) [122, 133].Then, PCA method 

can be applied in the feature space in order to extract gait features in the transformed 

space corresponding to nonlinear feature extractions in the input space [122, 133]. 

Recognition studies have demonstrated that polynomial kernel achieves best perfor-

mance than linear or RBF kernels [122, 134, 135]. Besides, according to Liang and 

Lee [135], the data projections for even-degree polynomial kernels, in particular 2-

degree, tend to make the clusters linearly separable.  

GA is a time-efficient optimization technique which searches the entire data space 

to find the best solution inspired in the natural selection process in genetics [130, 136, 

137]. Firstly, it creates randomly the populations (data to be processed by GA), and 

then, in each iteration, only potential candidates that better optimize the cost function 

are kept to the next iteration [136, 138]. These populations can be processed by three 

genetic operators: selection, crossover, and mutation [139]. Thus, regardless of the 

initial point, the search data space is iteratively modified and GA rapidly converges to 

the global optimum solution [136, 130, 139]. Moreover, GA is capable of dealing 

with multivariable data space and nonlinear input-output interactions [111, 130, 136, 

138].  

Hill-climbing is a sequential feature selection algorithm that searches iteratively 

the features that positively contribute for the classification accuracy [140, 119]. It us-

es individually each feature for an initial classification, and based on the performance 

of this classification, the features are ranked from highest to lowest [140, 141]. This 

technique is repeated until all the features have been added to the fixed feature set in 

order of importance [140]. 

Table 6.1 provides a synthesis of the collected studies in which the feature selec-

tion methods were exclusively used as pre-processing of locomotion mode recogni-

tion in the dimensional reduction of gait dynamics.  
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Table 6.1 Recent work (2000-today) on feature selection methods employed in the offline 

walking classification 

Author Method Implementation goal Results 

Eskofier 

et al. 

[142] 

PCA 

PCA was applied to retain the spa-

tial and temporal information in the 

classification with SVM 

Maximum accuracy (95.8%) is reached 

when using 36 to 39 PCs, occurring a 

drop in classification accuracy when are 

used more than 39 PCs 

Wu et 

al. 

[122] 

PCA and 

kPCA 

Evaluate if the utilization of kPCA  

extracts more significant gait fea-

tures than PCA, in the classification  

of young-elderly gait patterns 

The combination of kPCA and SVM 

achieved best performance (accuracy of 

91%) than the combination of PCA with 

SVM (accuracy of 87%) 

Lai et 

al. 

[143] 

Hill-

climbing 

Extraction of the most significant 

features among 30 features, to re-

duce the computational cost of the 

classification 

The best performance (accuracy of 89%) 

is achieved when only 6 gait features are 

combined 

Su et al. 

[139] 
GA 

Verify if the combination of GA 

with ANN (GANN) is a strategy 

more accurate than the traditional, 

that implement back-propagation 

algorithm  

The GANN model was able to classify 

subjects with accuracy up 98.7%, due to 

selection of the five most relevant fea-

tures from nine features, while the tradi-

tional method presented recognition 

rates of 89.7% 

 

The studies surveyed in Table 6.1 show that the feature selection methodologies 

are an accurate pre-processing of locomotion mode recognition, due to dimensional 

reduction, that leads to a compact set of uncorrelated features that explain the varia-

tion in the original data [123, 144].  

The PCA is an accurate method commonly used in the dimensional reduction of 

data [142, 124, 126, 117]. However, Wu et al. [122] compared the PCA with kPCA 

and verified that kPCA is able to extract more PCs than PCA, containing more rele-

vant information on the dynamics intrinsically nonlinear of the human movement. 

The reason is that for gait data with random noise, the PCA only discards the definite 

variance with noise by projecting gait data on the main PCs [122]. An inconvenient of 

both PCA and kPCA is that they require choosing how many components will be re-

tained in the analysis [126]. 

Comparing the hill-climbing and GA procedures, one verifies that the GA method 

always converges to a global minimum, while the hill-climbing can converge to a lo-
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cal optimum [130, 136, 139]. Consequently, in order to ensure that dimensional re-

duction increases the recognition performance, it is more confident to implement the 

GA than the hill-climbing, despite the GA being dependent on the parameters selec-

tion (population size, crossover and mutation probability), and having major computa-

tional cost [137].  

Thus, kPCA and GA constitute appropriate methods for dimensional reduction, 

due to their ability in processing nonlinear data and to converge to a global optimum. 

As GA is a wrapper method, it stands out of kPCA, since it additionally considers the 

classifier performance during feature selection.   

6.1.2.Classification 

Regarding the classification stage of locomotion mode recognition, methods based 

on statistical analysis, mathematical transforms and machine learning approaches 

have been applied [110]. In spite of the statistical analysis approaches being widely 

applied, they have fallen short in meeting persistent challenges of quantitative and 

objective analysis, and often assume a normal distribution of the input data [139, 

145]. Also, the mathematical transforms are limited to applications of univariate sig-

nals and to selecting guidelines based on wavelets [145]. On the other hand, studies 

have revealed that the machine learning algorithms present larger ability to both cap-

ture patterns and model the complex nonlinear relationships of the gait data [110, 143, 

146]. Besides, these algorithms work appropriately with multidimensional data, with 

the advantage of easily incorporating newly available data to improve prediction per-

formance [147, 143]. Thus, this thesis focuses on machine learning approaches as the 

selected classification strategy for locomotion mode recognition.  

Machine learning algorithms can be applied under two major different scenarios, 

the supervised, in which the predicted outputs are known and used to train the models, 

and the unsupervised, whose desired output is unknown, and their objective is to dis-

cover structure in the data [147, 145].  

The most investigated machine learning approaches are: ANNs and their deriva-

tives multilayer perceptron (MLP), probabilistic neural network (PNN), time delay 

neural network (TDNN); support vector machine (SVM); Naïve Bayes (NB); logistic 

regression (LR); K-nearest neighbours (KNNs); decision tree (DT); discriminant 

analysis (DA); and clustering analysis (CA).  
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Artificial neural networks and their derivatives 

ANN, a flexible tool for nonlinear modelling, is a mathematical model that is in-

spired by the structure and functional aspects of the biological neural systems [147, 

136, 148]. A standard method of ANNs is a multilayer feedforward neural network, 

that consists of an interconnected set of neurons, where connections between the units 

move in only one direction, forward, from the input layer, through the hidden layers 

to the output layer [147, 113, 145]. The layers weights are adjusted through training, 

in which the actual output approximately matches the desired output, and thus the re-

lationship between inputs and outputs is generalized [113, 136]. ANNs can be used as 

unsupervised or supervised learning [119, 143]. 

MLP, PNN and TDNN are classifiers whose architectures consist of feedforward 

ANNs. The MLP is especially popular due to its simplicity, and it is composed by 

three layers of interconnected units with sigmoid function [121, 141, 146, 149, 150]. 

During the training, the error between desired outputs and actual values is transmitted 

from the output layer to the middle and input layers, in order to adjust the connection 

weights [121, 150]. This procedure is known as back propagation (BP) algorithm 

[141].  

PNN, developed by Specht [151], processes an input pattern from one layer to the 

next, without feedback paths to previous layers [125].  

Ardestani et al. [136] employed the TDNN, where a tapped delay line is added to 

the input layer. This network calculates the maximum output based on gait features 

(input), and the weighted sum of all inputs is fed into each hidden neuron, where an 

activation function acts on this weighted sum to produce the output of the hidden neu-

ron [136].  

Support Vector Machine 

The SVM, introduced by Vapnik [152], employs kernel methods to map data to a 

higher dimensional feature space. Classification is performed in this feature space 

through the construction of a linear separating hyperplane [147, 119, 152, 118]. Thus, 

the aim of the SVM is to find an optimal separating hyperplane, from many possible 

separating hyperplanes. For such, an optimization problem, controlled by parameter 

C, a trade-off between maximum width of margin and minimum classification error, 

is computed [119, 143, 118]. The commonly used kernel functions of the SVM, that 

define the nature of the decision surface, are: linear; polynomial; and Gaussian radial 
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basis function (RBF) [111, 122, 118]. Although there is no analytical study about the 

optimal choice of kernel function, RBF is widely used as kernel function in gait clas-

sification [121], as most convenient option for inter-individual classification [128].  

By default the SVM is a binary classifier, although it has been proposed with suc-

cess for multiclass classification with “one-against-one” (OAO) and “one- against-all” 

(OAA) approaches [121, 153, 154, 155, 156]. The OAA approach constructs one 

SVM model per class, distinguishing the samples of one class from all remaining 

classes [153, 155]. The OAO approach constructs one SVM model for each pair of 

classes [153].  

Both binary and multiclass classification processes are composed by two stages, 

the training and test. In the training stage, the SVM takes a set of input data and pre-

dicts which of the different possible classes comprises the input, making it a non-

probabilistic linear classifier [147, 157]. Then, in testing, the SVM refers to compar-

ing the calculated classification outputs against the known class labels for data not 

used in training [157]. 

 

Naïve Bayes 

The NB classifier assumes that all features are independent of each other, accord-

ing to Bayes’ theorem [141, 117]. Given the training data, it creates a probabilistic 

model which estimates the probability of a point of data belongs to a certain class. 

Then, it uses a decision rule to assign a certain class to the point of data based on the 

created probability model. For this purpose, the input data are separated by classes, 

and the mean and variance of each feature is computed [141, 117].   

Logistic Regression 

LR is a discriminative model for classification that depends on the logistic function 

[117]. It applies maximum likelihood estimation after transforming the output into a 

logic variable [125, 120]. In this way, LR estimates the probability of input features, 

linearly combined, belong, or not, to a certain class [125, 117, 120].  

K-Nearest Neighbours 

The principle of the KNN algorithm is that the properties of any input point are 

likely to be similar to those of its neighbours [113, 117]. The neighborhood is defined 

to include k points, and a distance metric (e.g. Euclidean distance) is used to identify 
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the nearest neighbours of a query point [113]. Thus, when a new sample data is classi-

fied, this algorithm computes the distances to each of the training data, and based on 

these distances the training data are ordered [117]. Then, the k (where k ≥ 1) nearest 

training samples are used to classify the new sample with the most common class of 

the k samples [117].  

Decision Tree 

The DTs are recursive partitioning trees, whose first step is to decide which varia-

ble will be predicted [109, 120]. Then, an algorithm to split the original dataset into 

sub-populations of decreasing variance is chosen. Thus, the parent node will be split 

on the variable that conduces to the best performance. Like the SVM, the DT should 

be validated with data not used in the tree construction, in order to give an estimate of 

the accuracy of its classifications [120]. Regarding to splitting criterions, there is not 

defined a universal criteria [120].  

Discriminant Analysis 

DA is a classification method that aims to find a linear (linear discriminant analy-

sis – LDA) or quadratic (quadratic discriminant analysis - QDA) combination of input 

features, which correctly separates data points into two or more classes, according to 

least square sense [117, 146, 120, 158]. Each input feature has its own weight as-

signed, that indicates the importance of this feature in the discrimination between 

classes [117].  

Clustering Analysis 

CA is a multivariate statistical method to classify a data set into homogeneous 

groups or ‘‘clusters’’ [159]. There are hierarchical and non- hierarchical clustering 

methods that strive to minimize variability within clusters and maximize variability 

between clusters [159, 160]. One the one hand, the non-hierarchical methods (e.g. k-

means) are faster than the hierarchical methods, but do not allow step-by-step inspec-

tion of the clustering process [159]. On the other hand, the hierarchical cluster meth-

ods group all the trials in a single cluster, which forms a hierarchical tree called as 

dendrogram, through Euclidean distance calculation between the trials [161, 162].  

Fuzzy logic has been used in clustering techniques for finding a fuzzy partition of 

the sample space, i.e., determining appropriate membership functions [114]. It allows 
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that each point simultaneously has partial memberships in multiple clusters, and thus 

does not exist a sharp boundary between clusters [110, 114, 159].  

Comparative analysis  

According to previous information, diverse classifications methods could be se-

lected for particular classification requirements when confronted with gait related ac-

tivity. Comparative analyses can be performed to select optimal machine learning ap-

proaches for specific applications. For example Harper [120] compared DA, DT, 

ANN and LR methods with distinct datasets, showed that there is not necessarily a 

single best classification tool, but instead the best performance of the algorithm will 

depend on the analysed features [120]. In addition, other gait studies have highlighted 

that the classifier performance depends on many variables, such as: the type of input 

features; the number of features (because some gait features are redundant and they 

do not provide additional discriminatory information); and, the number of subjects 

[121, 117, 143, 118].  

Based on revised studies, here are provided considerations for the design of the 

most appropriate machine learning approach to the desired application. The ANN is 

considered an algorithm with learning capability, adaptability, and ability to deal with 

nonlinear data [163]. Nevertheless, this classifier, and its feedforward algorithms 

(MLP, PNN and TDNN), depend on a large number of parameters for a correct gen-

eralization, can get trap in local minima, and can conduce to over-fitting of the train-

ing data, resulting in poor generalization [121, 119, 143, 163, 118].  

On the other hand, the principal advantage of SVM is the convergence to a global 

optimal, avoiding the local minima and over-fitting in the training process [122, 127]. 

Thus, SVM has the ability to minimize both structural and empirical risk leading to a 

better generalization for new data classification even with a limited training data set, 

producing stable and reproducible results [121, 140, 119, 128, 118]. Also, like ANN, 

the nonlinear relationship of features is important for classification with SVM [143]. 

A drawback of both SVM and ANN classifiers, lies in the performance depend-

ence on internal learning parameters (e.g. weights and biases and network size for 

NN, and regularization parameter for SVM), which are difficult to interpret [110, 113, 

164].  

CA is very sensitive to variables that are highly correlated, which makes it neces-

sary to determine and to remove these variables [162]. However, CA based on fuzzy 
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logic exhibits the benefits of offering insight into non-linear relationships among gait 

variables, providing a quantitative comparison, less complexity and fast processing 

time [110]. Unfortunately, both approaches require that a number of a priori rules and 

the number of clusters are set a priori by the user, which implies a subjective judg-

ment [114, 164]. 

Although NB and LR are two probabilistic models, LR does not assume linearity 

in the relationship between input and output variables, and does not assume homosce-

dasticity, and therefore, does not simplify the computational cost [120]. 

An advantage of DT and KNN is that the problem of context recognition is divided 

in to smaller sub-problems, which are tackled one by one intuitively [165]. Neverthe-

less, KNN requires the definition of a distance metric, while in DT it is necessary to 

set a split criterion.  

In terms of computational cost, LR has the fastest run-times, although compared to 

DT and DA the time difference is likely insignificant in practice. ANN requires sig-

nificantly more time to train and validate models [120]. 

The comparative analysis of candidate machine learning approaches for gait pro-

cess indicates that, in general, the SVM is the most accurate classifier, especially 

when applied using the RBF kernel. The former observation is supported by the fol-

lowings previous works: Begg et al. [119], concluded that the SVM, with linear and 

RBF kernels, performs better than ANN; Lau et al. [121], verified that SVM is more 

efficient than MLP in multiclass classification; Badesa et al. [117], noted that SVM 

with RBF kernel is more appropriate than LR, LDA, QDA, NB and KNN methods. 

Additionally, Zheng et al. [166] investigated the performance of three classifiers 

(SVM, Random Forest and KNN) in the recognition of gait patterns of three neuro-

degenerative diseases and control subjects, and their results showed that SVM 

achieves the best performance in the recognition of these four classes [166]. Moreo-

ver, others studies mentioned that SVM creates an algorithm more efficient than LDA 

[75, 122] and ANNs [118]. Lastly, Novak et al. [167] reported that SVM is the most 

used classification method with a median accuracy rate of 78.76% and the less used 

classification methods are fuzzy logic and NB with a median accuracy rate of 76.05% 

and 74.70%, respectively [167].  
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6.1.3.Gait recognition improvement 

Locomotion mode recognition is a control strategy that can be improved by means 

of feature normalization and cross-validation methodologies. 

Cross-validation methods are a common procedure applied in machine learning 

approaches to evaluate their generalization, mainly when data sets are limited, and to 

test their ability to classify new instances [122, 130, 118, 168]. Also, these methods 

have the potential to avoid or to minimize the over-fitting in machine learning ap-

proaches, such as ANNs [149, 169, 170].  

The methodology of the traditional cross-validation method (CV) begins with par-

titioning a sample of data into two complementary subsets, the training set and the test 

set, based on k-fold. Thus, the original sample is randomly partitioned into k sub-

samples, and a single sub-sample is retained as the validation data for testing the clas-

sifier, and the remaining k-1 sub-samples are used as training data. Consequently, the 

CV process is then repeated k times, until every gait sample of the data set are includ-

ed in the testing data set. Lastly, the average of the k results is calculated to produce 

single performance estimation [121, 110, 113, 130, 168, 171]. In the literature, there 

is not a stipulated number for k-fold, although many studies have implemented ten-

fold CV scheme [109, 141, 163, 148, 172], and other authors have chosen a five-fold 

CV scheme [75, 128]. 

However, recent gait studies have instead preferred the Leave-One-Out (LOO), a 

robust cross-validation procedure, since it has the advantage of do not partition ran-

domly the data. Instead, data in each fold belong to a particular participant [147, 113, 

117, 163, 157, 165].  

Another approach commonly used to make the classifiers more robust and to im-

prove their accuracy is the prior standardization of features [5, 122, 118]. This meth-

odology determines the z-score of the original feature set, according to equation (6.1), 

where 𝑥 is the feature, 𝜇 is the mean and 𝜎 is the standard deviation [122, 118]. Thus, 

each feature has mean zero and variance one [3, 128].    

 
x − μ

σ
 (6.1) 

 

Besides, in order to achieve z-score normalization it is often to apply time normali-

zation, usually accomplished by re-sampling and expressing each stride (gait cycle) in 
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percentages rather than in time [110, 113]. Nevertheless, the features normalization is 

not applicable for comparing features with differences in terms of the direction of 

progression and energy expenditure (e.g. walking level, sitting and standing, up and 

down stairs) [121]. 

 

6.1.4.Conclusions  

The proposal for a locomotion mode recognition procedure using gait dynamics, 

specifically using uniquely biomechanical parameters, is depicted in schematic dia-

gram of Figure 6.1. Indeed, the locomotion mode recognition can involve the follow-

ing stages: determination of biomechanical parameters, which will be used as gait fea-

tures in next stages; normalization of features, mainly if kinetic data is used; applica-

tion of methods to select the most relevant features; classification stage; and the eval-

uation of walking recognition.  

 

 
Figure 6.1 Schematic diagram of the procedure proposed for locomotion mode recognition us-

ing biomechanical parameters. 
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6.2.Offline scenario  

As described in Chapter 4, the locomotion mode recognition is one of the locomo-

tion strategies to be implemented in high level control of Exo-H2. In this section is 

described the offline scenario implementation of this strategy, which was initiated in 

CSIC and concluded in CAR group. It will be presented the implemented methodolo-

gy, either for data acquisition and locomotion mode recognition algorithm, and it will 

be presented and discussed the achieved results.   

6.2.1.Data acquisition  

To implement the locomotion mode recognition algorithm, firstly it is necessary to 

proceed to data acquisition of walking assisted by Exo-H2. Due to some technical 

complications with this WR, until the moment were just accomplished trials with 

healthy subjects during walking level ground, which correspond to the first experi-

ments established in the protocol of BioMot project.  

As described in Chapter 2, the WRs can be associated to BWS systems, in order to 

improve the postural balance during first therapeutic trainings in patients with high 

impairment level.  

In this context, the Exo-H2 WR is synchronized with an ambulatory partial BWS 

system, as shown in Figure 6.2. This device supports the user via harness and enables 

a normal gait pattern, while recording the kinematic and kinetic data on each joint. 

Also, were placed FSRs in sole of foot to record the moments of occurrence of HS 

and TO events, since in the moment of occurrence of first trials with Exo-H2 the algo-

rithm for online detection of events and phases gait had not yet started.  

 

 
 

 

 

 

 

 

 

 

Figure 6.2 Bilateral WR associated to an ambulatory partial BWS system.   
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Eight healthy subjects (mean age 25.2 ± 3.1, mean height 175.2cm ± 5.6cm) per-

formed walking trials under three conditions of BWS: 30%, 50% and 70% with con-

stant speed. These participants were asked to walk 3 meters over ground in a straight 

line without external human assistance. 

Thus, the data acquired from these experiments were used as database for offline 

locomotion mode recognition, being these database constituted by data of three dis-

tinct classes that correspond to three conditions of BWS tested over trials.   

6.2.2.Determination of biomechanical parameters  

From the recorded gait data in sagittal plane it was possible to extract 8 temporal 

features and 15 kinematic features (5 parameters for each joint). Due to technical fail-

ures in acquisition of kinetic data, these parameters were not considered in this study.  

For determination of temporal parameters it was necessary to use the information 

provided by FSRs signals. By means of offline processing of these signals were ex-

tracted the occurrence moments, in seconds, of each HS and TO events. Then, based 

on this knowledge, on the concept of each temporal parameter (presented in Chapter 3) 

and using equations (6.2) to (6.10), the following temporal parameters were deter-

mined.  

 

 Stride duration: is computed by equation (6.2), where HS(i-1) is the time in-

stant of previous HS and HS(i) is the time instant of current heel strike.  

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 (𝑖) = 𝐻𝑆(𝑖) − 𝐻𝑆(𝑖 − 1) (6.2) 

 

 Strides per minute: is determined by the ration between the sum the occur-

rence of strides during one minute (∑ 𝑁𝑠𝑡𝑟𝑖𝑑𝑒𝑠
60
0 ) and the duration of one minute in 

seconds (60), as given by equation (6.3). It is noted that it was used the unit second 

rather than the unit minute, since the FRS signals provide the information in seconds.  

𝑆𝑡𝑟𝑖𝑑𝑒 𝑝𝑒𝑟 𝑚𝑖𝑛𝑢𝑡𝑒 (𝑖) =
∑ 𝑁𝑠𝑡𝑟𝑖𝑑𝑒𝑠

60
0

60
 (6.3) 

 

 Step duration (s): is the time period between HS of leading lower limb in the 

current moment ( 𝐻𝑆𝑙𝑒𝑎𝑑𝑖𝑛𝑔 𝑙𝑒𝑔(𝑖) ) and the previous HS of opposite lower limb 

(𝐻𝑆𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑙𝑒𝑔
(𝑖 − 1)), as given by equation (6.4). Thus, previously to compute this 
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parameter, it is first needed to check which is the leading lower limb (left or right 

limb).  

𝑆𝑡𝑒𝑝 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 (𝑖) = 𝐻𝑆𝑙𝑒𝑎𝑑𝑖𝑛𝑔 𝑙𝑒𝑔(𝑖) − 𝐻𝑆𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑙𝑒𝑔(𝑖 − 1) (6.4) 

 

 Cadence (step/min): is the ratio between the number of steps that occurs in 

one minute (∑ 𝑁𝑠𝑡𝑒𝑝𝑠
60
0 ) and the duration of one minute in seconds (60), as given by 

the equation (6.5).  

𝐶𝑎𝑑𝑒𝑛𝑐𝑒 (𝑖) =
∑ 𝑁𝑠𝑡𝑒𝑝𝑠

60
0

60
 (6.5) 

 

 Percentage of single support (%): is computed by the division between the 

difference of time of opposite HS(𝐻𝑆𝑜𝑝𝑝𝑜𝑠𝑖𝑡_𝑙𝑒𝑔 (𝑖)) and opposite TO of previous 

moment (𝑇𝑂𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒𝑙𝑒𝑔
(𝑖 − 1)), and 𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 , as stated in equation (6.6). 

This equation is valid if the HS in current moment occurs first than TO event. Other-

wise, it is necessary to implement equation (6.7).  

 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑆𝑖𝑛𝑔𝑙𝑒 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 (𝑖) = 
𝐻𝑆𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑙𝑒𝑔(𝑖)−𝑇𝑂𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑙𝑒𝑔(𝑖−1)

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
× 100%  

(6.6) 

 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑆𝑖𝑛𝑔𝑙𝑒 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 (𝑖) = 
𝐻𝑆𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑙𝑒𝑔(𝑖)−𝑇𝑂𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑙𝑒𝑔(𝑖)

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
× 100%  

(6.7) 

 

 Percentage of double support (%): is computed by the ratio between the 

time difference between the TO event of the opposite leg (𝑇𝑂𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑙𝑒𝑔(𝑖)) and HS 

of leading limb (𝐻𝑆𝑙𝑒𝑎𝑑𝑖𝑛𝑔 𝑙𝑒𝑔(𝑖)), and the duration of gait cycle (𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛), 

as given by equation (6.8). Thus, before computing this parameter is needed to check 

which is the leading lower limb, and also if TO event of opposite leg occurs after the 

HS of leading lower limb.  

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑑𝑜𝑢𝑏𝑙𝑒 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 (𝑖) =  

𝑇𝑂𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑙𝑒𝑔(𝑖) − 𝐻𝑆𝑙𝑒𝑎𝑑𝑖𝑛𝑔 𝑙𝑒𝑔(𝑖)

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
× 100% 

(6.8) 
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 Percentage of swing (%): is determined as the ration between the time differ-

ence between current HS(HS(i)) and previous TO ( 𝑇𝑂(𝑖 − 1) ) events 

and 𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛, as given by equation (6.9). However, it is needed to verify if 

the order of occurrence of gait events is HS and then TO. If this order is not checked 

it is necessary to adapt the equation.  

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑠𝑤𝑖𝑛𝑔 𝑝ℎ𝑎𝑠𝑒 (𝑖) =
𝐻𝑆(𝑖) − 𝑇𝑂(𝑖 − 1)

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
 × 100% (6.9) 

 

 Percentage of stance (%): is determined by the ratio of the time difference 

between current TO (𝑇𝑂(𝑖)) and current HS𝐻𝑆(𝑖) and 𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 as given by 

equation (6.10). Similarly to the determination of swing phase, first is necessary to 

check which gait event happens first.  

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑠𝑡𝑎𝑛𝑐𝑒 𝑝ℎ𝑎𝑠𝑒 (𝑖) =
𝑇𝑂(𝑖) − 𝐻𝑆(𝑖)

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
× 100% (6.10) 

 

Relatively to the kinematic features, five parameters were computed for hip, knee 

and ankle joints, based on the joint angles (provided by precision potentiometer em-

bedded in the WR) and the gait events (determined from FSRs placed on sole of sub-

ject foot). Figure 6.3 presents the joint angles (hip, knee and ankle joints) trajectories 

of one healthy subject during experiments with 30% of the BWS, for left (up view) 

and right (bottom view) lower limb. Over the trajectory angles are plotted the HS 

event (red line) and TO (green line).  
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Figure 6.3 Angles (blue line) of hip, knee and ankle joints for left (up view) and right (bottom 

view) limb acquired during the assistance of one healthy subject with WR and 30% of BWS. Also, are 

plotted the HS events (red line) and the TO events (green line). 

 

The five kinematic parameters of each joint were determined through equations 

(6.11) to (6.15), where Anglej corresponds to angle of joint j, where j can be hip, knee 

and ankle.  
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 Peak flexion (º): corresponds to the maximum angle of each gait cycle, i.e., 

the maximum angle value between current HS(𝐻𝑆(𝑖)) and the previous HS(𝐻𝑆(𝑖 −

1)), as given by equation (6.11).  

𝑃𝑒𝑎𝑘 𝑓𝑙𝑒𝑥𝑖𝑜𝑛(𝑖) = max  (𝐴𝑛𝑔𝑙𝑒𝑗|
𝐻𝑆(𝑖−1)

𝐻𝑆(𝑖)
) (6.11) 

 

 Peak extension (º): corresponds to the minimum angle of the gait cycle, i.e., 

the minimum angle value between current HS(𝐻𝑆(𝑖)) and the previous HS(𝐻𝑆(𝑖 −

1)), as given by equation (6.12).  

𝑃𝑒𝑎𝑘 𝑒𝑥𝑡𝑒𝑛𝑠𝑖𝑜𝑛(𝑖) = min  (𝐴𝑛𝑔𝑙𝑒𝑗|
𝐻𝑆(𝑖−1)

𝐻𝑆(𝑖)
) (6.12) 

 

 ROM: is the difference between the maximum and the minimum joint angle 

during the gait cycle, i.e., the difference between peak flexion and peak extension, as 

presents equation (6.13).  

𝑅𝑎𝑛𝑔𝑒 𝑜𝑓 𝑎𝑛𝑔𝑙𝑒(𝑖)

= 𝑃𝑒𝑎𝑘 𝑓𝑙𝑒𝑥𝑖𝑜𝑛(𝑖) −  𝑃𝑒𝑎𝑘 𝑒𝑥𝑡𝑒𝑛𝑠𝑖𝑜𝑛(𝑖) 
(6.13) 

 

 Angle at HS event (º): is the angle in the moment of the HS event (𝐻𝑆(𝑖)), 

that was calculated according to equation (6.14). 

𝐴𝑛𝑔𝑙𝑒 𝑎𝑡 ℎ𝑒𝑒𝑙 𝑠𝑡𝑟𝑖𝑘𝑒 𝑒𝑣𝑒𝑛𝑡 (𝑖) = 𝐴𝑛𝑔𝑙𝑒𝑗|
𝐻𝑆(𝑖)

 (6.14) 

 

 Angle at the TO event (º): is the angle in the moment of TO event (𝑇𝑂(𝑖)), 

as indicated by equation (6.15).  

𝐴𝑛𝑔𝑙𝑒 𝑎𝑡 𝑡𝑜𝑒 𝑜𝑓𝑓 event(𝑖) = 𝐴𝑛𝑔𝑙𝑒𝑗|
𝑇𝑂(𝑖)

 (6.15) 

 

As data were just recorded for the sagittal plane, it was not possible to compute the 

parameters related with the rotation (axial plane) and with the adduction and abduc-

tion (coronal plane).  

These 23 features (temporal and kinematics) were computed for each observation 

(there are 8  observations, one for each subject) for each of the three classes (BWS of 

30%, 50% and 70%), whose mean and standard deviation are showed in Table 6.2 and 
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Table 6.3 for temporal and kinematics features, respectively. The biomechanical pa-

rameters of Table 6.2 and Table 6.3 will be used as database in the algorithm of the 

locomotion mode recognition, presented below.  
 

Table 6.2 Mean ± standard deviation of the temporal features used in the locomotion mode 

recognition algorithm 

 

Temporal features 

Stride 

(s) 

Stride/

min 

Step 

(s) 

Cadence 

(step/min) 

Single 

support 

(%) 

Double 

support 

(%) 

Stance 

(%) 

Swing 

(%) 

C
la

ss
 

BWS 

30% 
4±0.01 15±0.02 1.96±0.03 30.6±0.4 20.94±1.6 30.03±1.4 80.09±1.3 19.92±1.4 

BWS 

50% 
4±0.01 15±0.03 1.98±0.02 30.34±0.37 21.22±1.3 29.29±1.1 79.24±0.9 20.8±0.86 

BWS 

70% 
4±0.01 15±0.03 1.98±0.03 30.29±0.45 21.65±1.1 29.05±0.9 79.08±0.9 20.95±0.9 

 
Table 6.3  Mean ± standard deviation of the kinematic features used in the locomotion mode 

recognition algorithm 

 

Kinematic features 

Peak 

flexion (º) 

Peak 

extension (º) 
ROM 

Angle at HS 

event (º) 

Angle at TO 

event (º) 

C
la

ss
 

BWS 

30% 

Hip 36.16±1.05 5.29±0.9 30.77±1.49 34.33±0.84 18.42±1.38 

Knee 58.1±1.97 11.31±1.07 46.9±2.74 13.94±2.65 49.35±2.29 

Ankle 14.52±0.81 -6.35±1.45 20.85±2.13 7.03±0.39 -6.25±1.5 

BWS 

50% 

 

Hip 36.07±0.84 4.66±0.5 31.37±1.15 34.75±0.65 17.37±1.04 

Knee 58.57±1.52 10.66±1.32 47.87±2.62 11.59±2.02 49.2±1.6 

Ankle 14.8±0.75 -7.01±1.54 21.77±2.04 6.84±0.44 -7±1.4 

BWS 

70% 

Hip 36.05±0.92 4.37±0.65 31.68±1.29 34.91±0.73 16.92±1 

Knee 58.32±2.1 10.66±1.53 47.68±3.36 11.22±2.05 49.07±1.74 

Ankle 14.34±0.63 -7.09±1.68 21.45±2.1 6.94±0.52 -6.17±1.98 
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6.2.3.Features selection methods  

In order to identify the most significant features out of the 23 extracted features, 

PCA, kPCA and GA were implemented. As a baseline for comparison, it was used the 

situation without any feature extraction method (below referred to as “No”).   

The first feature selection method it was determined by function pca from 

MATLAB® that returns the eigenvalues and the eigenvectors of the database (matrix 

with observations in rows and features in columns). Mathematically, the PCs are the 

eigenvectors of the covariance matrix of the original data set, and the corresponding 

eigenvalues express the variance covered by the individual components [144]. There-

fore, it is necessary to multiply the eigenvectors by the eigenvalues and add the mean 

of each column of the original data, in order to obtain the PCs of database of this 

study. Finally, it is done a dimensional reduction of d (in this study d is a parameter 

that corresponds to the number of preserved features), being kept the first d principal 

components that retain the data with higher variance.  

The kPCA function also was implemented in MATLAB®. Firstly, the database is 

mapped into a higher-dimensional feature space through the function of the chosen 

kernel. Secondly, is constructed the Gram matrix, which provides the same infor-

mation of covariance matrix with less computational cost [173]. Then, are computed 

the kernel PCs by means of multiplication of eigenvectors with eigenvalues. In last, it 

is realized a normalization and the dimensionality reduction of d.  

In this study a 2-degree polynomial kernel was selected, since this function kernel 

achieves best performance than linear or RBF kernels [122], [134], [135]. According 

to Liang and Lee [135], the data projections for even-degree polynomial kernels tend 

to make the clusters linearly separable. Also, they concluded that with degree 2, the 

kernel provides a best separation of clusters and this turns the kernel more flexible 

[135].  

According to [118], [121], the combination of different types of features allows to 

achieve a best classification, when compared to the situation in which only a type of 

feature is considered. Consequently, it is intend to assess the classification perfor-

mance with only temporal features, only kinematic features, or the combination of 

both types of features. In this last case, both PCA and kPCA were employed in the 

temporal and kinematic features separately in order to ensure the presence of both 
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types of features, and then the extracted features were combined to form a data set for 

classification stage. 

Since the PCA and kPCA require the specification of d parameter by the user for 

the dimensionality reduction, it was considered that the implementation of GA would 

be the selected tool of locomotion mode recognition due to the ability of this method 

to select the number and the type of the most relevant features without any specifica-

tion defined by user.   

Additionally, this feature selection method presents some relevant characteristics 

that contribute for its implementation in this thesis. At each step, the genetic algo-

rithm randomly selects individuals from the current population and uses them as par-

ents to produce the children for the next generation [130]. The solution space is effi-

ciently searched in parallel and a set of solutions, instead of a single solution, are sued  

to avoid becoming trapped in a local optimum that can occur with other search tech-

niques [174]. In addition, its robustness to the size of the search space and the under-

lying multivariate distribution assumptions, have made of it a promising method for 

feature gait selection over a high-dimension space [130].  

The features selection by means of GA is an iterative process, which finishes when 

the termination criterion is checked. If the termination criterion is not satisfied, the 

population of solutions is modified by means of three main operators, and a new (and 

hopefully better) population is created [174].  

The selection operator, first operator, aims to emphasize good solutions and elimi-

nate bad solutions in a population, while keeping the population size constant. This 

operator achieved this purpose by means of three steps: identifying good solutions in 

a population; making multiple copies of good solutions; and eliminating bad solutions 

from the population so that multiple copies of good solutions can be placed in the 

population [174]. There are different methods to apply the selection operator, alt-

hough the tournament selection has been the most applied [174]. It is played between 

two solutions selected at random from the population and the better solution is chosen 

and placed in a population slot. Two other solutions are picked again and another 

population slot is filled up with the better solution [174].   

The second operator is the crossover operator that specifies how the GA combines 

two parents to form a crossover child for the next generation.  

Then, it is applied the mutation operator that specifies how the GA makes small 

random changes in the individuals in the population to create mutation children. The 
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need for mutation is to keep genetic diversity in the population and enables the genet-

ic algorithm to search a broader space. [174]. 

In this manner, good subsets are “evolved” over time until the stopping criteria are 

met. The flowchart of Figure 6.4 depicts each phase of the iterative process computed 

for selection of the most significant features by means of GA, which was implement-

ed in MATLAB® through ga function. Each phase presented in Figure 6.4 is de-

scribed below.  

 Generate the initial population: after determining original dataset of fea-

tures, the initial population of iterative process is randomly generated. For this pur-

pose it is used the function rand of MATLAB®, defining the option population size 

of this function with value 8. The individuals of population are binary-coded within 

each string as either presence (1) or absence (0). Thus, the type of individuals of pop-

ulation is specified as bitstring.  

It is noted that for a large population size, the GA searches the solution space 

more thoroughly, thereby reducing the chance that the algorithm returns a local mini-

mum. However, a large population size also causes the algorithm to run more slowly. 

In fact, after some simulations with different values for population size it was verified 

that the value 8 was appropriate for the purpose of the study.   

 

 Create the fitness function:  the fitness function is created with SVM classi-

fier, being necessary to propose two fitness functions, one for binary classification 

and another for multiclass classification. A subset of features leading to a low classi-

fication error (evaluation criteria) is considered to be better than a subset leading to a 

high classification error, and thus this good subset will be used as parents for the indi-

viduals of next generations.  

 

 GA evolution: during evolution of GA, it is implemented elitism in order to 

retain individuals with the highest values of fitness of current generation in next gen-

erations. In this thesis, the elitism parameter was assigned with 2 by means of 

EliteCount option of ga function, and thus the remaining 6 individuals are generated 

by genetic operators. This elitism level was adopted taking into account that excessive 

levels of elitism can conduct to the stagnation of the search by losing diversity in the 

population. 
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Then, the selection operator with tournament selection method it applied, as de-

fined by SelectionFcn option of ga function. In the following, the crossover operator 

is applied to selected individuals, which in this thesis was selected in order to create 

children by taking a weighted average of the parents. Therefore, the CrossoverFcn 

option of ga function was assigned as crossover intermediate with ratio of 0.5. Uni-

form mutation is performed after crossover with a given mutation rate at each locus. 

In this thesis it was used a mutation rate of 1/23 (the inverse of the number of fea-

tures) through MutationFcn option of ga function.  

 

 Fitness function computing: The new population resulting from genetic op-

erators (selection, crossover and mutation) is now evaluated with SVM classifier in 

terms of the evaluation criterion (less classification error). 

 

 Stopping criterion verification: this process of features selection is repeated 

until the one of two stop criterion defined in this thesis is satisfied. One stopping cri-

terion is that the maximum number of generations is 100, which is defined by Gen-

erations option of ga function. Also, the algorithm stops if the average relative change 

in the best fitness function value over 100 generations is less than or equal to 1e-6. 

This criterion is specified trough StallGenLim option of ga function.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.4 Flowchart of the iterative process of GA algorithm used for feature selection 

stage.  



Chapter 6 – Locomotion Mode Recognition 

 117 

After this iterative process it is found the sub-set of the most significant features 

that reduce the classification error of SVM. Unlike PCA and kPCA methods, the fea-

tures selection through GA do not required the definition of how many features are 

selected (does not exist the d parameter). Also, it is important to mention that the al-

gorithm used to apply the SVM is fitness function in the same used in classification 

stage, described below. 

6.2.4.Classification 

According to the state of the art presented in this chapter, out of the three existing 

classification methods, the machine learning approaches are the most successful ones 

applied in the recognition of gait patterns, due to their ability to work well with multi-

dimensional nonlinear features. In particular, the SVM stood out as an accurate tool in 

the recognition of gait patterns that converge to a global minimum, does not lead to 

over-fitting, and also minimizes both structural and empirical risk leading to better 

generalization for new data classification. Also, the best outcomes of SVM classifier 

in scope of gait pattern recognition were achieved with RBF kernel.  

Hereupon, for the classification stage of locomotion mode recognition in offline 

scenario it was used the SVM with RBF kernel, for binary and multiclass classifica-

tion. This classifier is formed by two phases: training and test. During the first phase, 

training, it is created the SVM model that distinguishes each class present in the train-

ing dataset. This phase was computed by means of function fitcsvm from 

MATLAB®.  The second phase, test, corresponds to validation of the defined SVM 

model with another dataset, in order to assess the precision of the classifier. This 

phase was computed through function predict from MATLAB®.  

 

Cross-validation methods  

In order to attribute the observations for the training and test set were considered 

two methodologies. The first, attributed the features of left lower limb for training set, 

and the features of right lower limb formed the test set. This methodology was used as 

a baseline to assess the contribution of the cross-validations methods in classification 

performance.    

The cross-validation method used as second methodology to define the training 

and test set was the CV scheme, by means of function crossvalind from MATLAB®. 

After some simulations it was verified that a four-fold was the most appropriate k-fold 
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for the classification performance. Basically, this procedure partitions randomly the 

original sample into four sub-samples, and a single sub-sample is retained as the vali-

dation data for testing the classifier, and the remaining sub-samples are used as train-

ing data. Consequently, the CV process is repeated four times, and then the average of 

the four measurements is calculated to produce single performance estimation. Also, 

the CV scheme avoids the over-fitting and decreases the generalization error [121, 

130, 168, 171]. 

 

Definition of parameters C and sigma  

The performance of the SVM is affected by parameters of the RBF kernel (C and 

sigma - σ). Therefore, as recommended by Hsu et al. [175], it was employed a grid-

search combined with CV to find the best values of parameters C and σ. For this pur-

pose it was used the function fminsearch from MATAB®, that allows to find the min-

imum of a function, passed as input parameter, according to the derivate-free method. 

In this context, the input function was the classification error of SVM cross-validated 

through function cvpartition from MATLAB®. Thus, the found values for C and 

sigma parameters are those that ensure the convergence for global minimum of the 

function that controls the classification error of the SVM model cross-validated.  

 

Multiclass classification 

For the multiclass classification were considered OAO and OAA approaches, and 

thus were created two functions in MATLAB®, which realize a binary classification 

over a cycle according to these approaches. On the one hand, the OAA approach con-

structs one SVM model per class, which is trained to distinguish the samples of one 

class from the samples of all remaining classes. On the other hand, the OAO strategy 

constructs one SVM for each pair of classes. Thus, with OAA approach are created N 

SVM models, where N is the number of classes to study, while in the OAO are con-

structed N(N-1)/2 SVM models, as a result of all possible combinations between N 

classes. 

 Since the multiclass classification is formed by 3 classes then 3 SVM models were 

proposed, either with OAO approach or OAA approach. Subsequently, 3 SVM mod-

els are validated and evaluated for each approach. Then, it is computed a mean value 

of the SVM performance, in order to compare between multiclass classification ap-

proaches.    
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Evaluation of classification performance  

In order to evaluate the performance of SVM in locomotion mode recognition, 

three dimensions, accuracy, sensitivity and specificity are commonly used. These 

metrics are obtained based on a confusion matrix [147], being determined through 

function classperf of MATLAB®. Accuracy, as expressed in equation (6.16), is de-

fined as the classifier ability to accurately recognize the gait patterns between BWS 

30% and BWS 50% or between BWS 30%, BWS 50% and BWS 70% in the binary 

and multiclass classification, respectively. TP, FP, TN and FN correspond to true pos-

itive, false positive, true negative and false negative values, respectively [128, 130].  

 

Accuracy (%) =
TN + TP

TP + TN + FP + FN
× 100% (6.16)  

 

Sensitivity, presented in equation (6.17), measures the proportion of actual posi-

tives which are correctly identified as such.  

Sensitivity (%) =
TP

TP + FN
× 100% (6.17)  

 

Specificity, showed in equation (6.18), measures the proportion of negatives which 

are correctly identified as such [130]. It is possible to determine the negative likeli-

hood ratio (NLR), a ratio between false and true negatives, through a confusion ma-

trix [125]. 

Specificity(%) =  
TN

TN + FP
× 100% (6.18)  

 

Besides, in order to assess the classifier independently of the distribution a priori 

of the classes [168], was also computed the area under the curve (AUC). In addition, 

the AUC has been recommended [125], since it presents higher convergence than ac-

curacy and represents the average sensitivity across all possible specificities. This cri-

terion is determined through integration by the trapezoid method with base in receiver 

operating characteristic (ROC), a graphic that allows visualizing the trade-off between 

the true positive rate and false positive rate [143].  
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Overview  

In overview, the implemented algorithm computes separately the binary (BWS of 

30% and 50%) and multiclass (BWS of 30%, 50% and 70%) classification, being pos-

sible to choose, for both classifications, the feature extraction method (“No”, PCA, 

kPCA or GA). These extracted temporal and kinematic features are used in the grid-

search to determine the C and σ parameters. These are used to construct the SVM 

model. For the construction of this model, it is necessary to previously select the 

training and test data sets, by CV or by division of features according to lower limb 

(right or left). In the multiclass classification, it is also possible to select between 

OAA and OAO approaches. Finally, the SVM classifier is validated with the test data, 

followed by evaluation of its performance. These procedures are depicted in flowchart 

of Figure 6.5 that summarizes the implemented algorithm for offline locomotion 

mode recognition.  

 

 
 

Figure 6.5 Flowchart of algorithm that implements the offline locomotion mode recognition. 
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6.2.5.Results  

The results presented in this sub-section correspond to the evaluation of the SVM 

performance and to the C and σ parameter values, used in the construction of the RBF 

kernel, either for binary classification or multiclass classification. The classification 

performance is used as criterion in the following aspects: compare the three methods 

implemented (PCA, kPCA and GA) for feature selection; to assess the contribution of 

CV in selection of training and test sets; and to compare the OAA and OAO ap-

proaches used in multiclass classification.  

Figure 6.6 illustrates an example of how works the SVM during the classification 

process. In this case, the SVM model represents the binary classification (class -1 and 

class +1 that correspond to BWS of 30% and BWS of 50%, respectively) using PCA 

as the feature selection method. In up view is represented the training and test phases 

of this SVM model, being marked the support vectors2 used for construction of the 

SVM model (during the training phase), and are also represented the observations cor-

rectly and incorrectly classified.  

Since up view of Figure 6.6 is a bi-dimensional representation of multidimension-

al data, it is not possible to distinguish all 23 types of features. Thus, it is also shown 

the bottom view, which is formed by two features (stride duration and peak of flex-

ion), in order to have a more clear representation of SVM classification.   

 

                                                 
2 The support vectors are the nearest data vectors to the separating hyperplane in the transformed space 
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Figure 6.6 Representation of SVM model constructed during binary classification with PCA 

as feature selection method. Top view is the complete representation of 23 features. Bottom view just 

represents this SVM model for 2 features (stride duration and peak of flexion).   
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Binary classification 

In Table 6.4 are listed the results obtained in the binary classification that distin-

guish the patterns of the gait training between BWS of 30% and BWS of 50%. It is 

noted that the information depicted in Table 6.4 correspond to main results achieved 

from several test accomplished with SVM model of binary classification, which allow 

draw a conclusion regarding to topics discussed below.  

During the accomplishment of test the influence of the implementation of the fea-

tures extraction methods was evaluated, as well as were compared the tree feature se-

lection methods implemented in this thesis. Therefore, are separately provided the re-

sults of classification performance for four situations: without feature selection meth-

od (“No”); PCA; kPCA; and GA. Results enable to conclude that the best perfor-

mance of classifier is achieved when features selection methods are implemented.  

Moreover, was examined which kind of features are more relevant, if temporal or 

kinematic features, through a SVM test with only 8 temporal features or with only 15 

kinematic features, respectively. Thus, in Table 6.4 is shown the evaluation of classi-

fication performance considering the exclusive use of kinematic features, and of tem-

poral features.  

Afterwards, these features were differently combined, over several tests (e.g. 8 

temporal features versus 9 kinematic features, 6 temporal features versus 12 kinemat-

ic features, 4 temporal features versus 9 kinematic features, 4 temporal features versus 

15 kinematic features) through manipulation of the d parameter in case of PCA and 

kPCA. Results enable to conclude that the best performance of classifier is achieved 

when are selected 9 kinematics features and 4 temporal features.  

By means of GA it is possible to know which are the selected features, and there-

fore over several tests it was verified that this feature selection method always select-

ed a combination of temporal and kinematic features. Thus, it this case did not per-

formed different combinations of features due to ability of GA to accomplish this task 

during iterative process. From Table 6.4 it is verified that the GA selected 10 tem-

poral and kinematic features for two evaluated methodologies of distribution of fea-

tures for training and test set. The selected features with application of CV method 

were: stride duration; cadence; single support percentage; stance phase percentage; 

peak extension of hip joint; ROM of hip joint; peak flexion of knee joint; angle in TO 

event of knee joint; peak flexion of ankle joint; and angle of ankle joint in TO event. 

It is noted that this subset of features was kept over the performed tests in the search-
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ing process of the more appropriate values for options of ga function. The selected 

features without application of CV method were: stride per minute; cadence; single 

support percentage; percentage of stance phase; peak extension of hip joint; ROM of 

hip joint; peak flexion of knee joint; ROM of knee joint; peak flexion of ankle joint; 

ankle of ankle joint in TO event.  

Lastly, were realized several tests with different values of k-fold (e.g. k = 10, 5, 2, 

4, 6, 8) that effectively verified that four-fold is the more appropriate k-fold in CV 

scheme for this case study, either for the stage of grid-search combined with CV, ei-

ther for the CV method used for distribution of features for training and test set. Also, 

the performance of SVM model was evaluated when it was applied a manual distribu-

tion of database in left and right features for training and test set, respectively.  

It is important to refer that when a conclusion regarding to one tested topic was 

found, this information was considered in the test of the next topic, in order to con-

verge for the best strategy for binary classification. 

 
Table 6.4 Values of the parameters C and σ and evaluation of the binary classification perfor-

mance for different feature selection methods (“No”, PCA, kPCA and GA), and with and without im-

plementation of CV method. d_T is the dimensionality reduction of the temporal features, d_K is the 

dimensionality reduction of the kinematic features, Acc is accuracy, Sens is the sensitivity and Spec is 

the specificity 

 Feature 

selection 
d_T d_K C σ Acc Sens Spec AUC 

With CV 

scheme 

(four-fold) 

“No” - - 0.75 0.4 0.72 0.75 0.69 0.72 

PCA 

0 15 0.3 3 0.81 0.75 0.88 0.81 

8 0 0.4 0.6 0.75 0.75 0.75 0.75 

4 9 0.6 0.5 0.88 0.81 0.88 0.88 

kPCA 4 9 0.3 7 0.84 0.79 1 0.74 

GA 10 1.5 5 0.90 0.80 0.94 0.89 

Without 

CV  

scheme 

“No” - - 2.7 10.9 0.66 0.69 0.68 0.66 

PCA 4 9 0.25 8.9 0.71 0.73 0.75 0.71 

kPCA 4 9 0.33 0.56 0.70 0.69 0.72 0.70 

GA 10 0.75 0.67 0.73 0.74 0.76 0.71 
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Multiclass classification 

The results of the multiclass classification are presented in Table 6.5. Once again, 

in Table 6.5. are only provided the main results achieved from several test accom-

plished with SVM model of multiclass classification, which allow to draw a conclu-

sion regarding the topics discussed below. Regarding to the time processing of each 

accomplished test, this information was recorded in seconds with a processor of 1.7 

GHz. 

As in the binary classification, it is evaluated the influence of implementation of 

feature selection methods, and also it is intended to find the more appropriate method 

(PCA, kPCA and GA) for this purpose.  

In case of PCA and kPCA were realized several tests that demonstrated that it is 

more appropriate the combination of 9 kinematic features and 4 temporal features, 

which had already taken place in binary classification.  

The results provided by GA method also indicated that the combination of tem-

poral and kinematic features form the best subset of features for multiclass classifica-

tion. In the built SVM models for multiclass classification were selected the following 

13 features: stride per minute; cadence; percentage of single support; percentage of 

swing phase; peak extension of hip joint; ROM of hip joint; angle of hip joint in TO 

event; peak flexion of knee joint; ROM of knee joint; angle of hip joint in TO event; 

peak flexion of ankle joint; ROM of ankle joint; angle of ankle joint in TO event.  

Additionally, it was verified, after accomplishment of several test, that a four-fold 

in the CV scheme is the most appropriate k-fold for distribution of  features in training 

and test set. The results of implementation this methods are presented in Table 6.5,  

and are compared with manual distribution of features in training and test set.   

Lastly, was evaluated the SVM performance with the OAA and OAO approaches, 

being recorded the number of support vectors and the time of processing (in seconds) 

to compare these approaches in terms of the complexity of the training process and 

SVM’s decision making.  

It is important to mention that the values of the validation parameters showed in 

Table 6.5 correspond to the average of all values obtained in each partition of mul-

ticlass classification, due to construction of 3 SVM models, either for OAA approach, 

and for OAO approach. 
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Other aspect that should be referred is that when a conclusion regarding to one 

tested topic was found, this information was considered in the test of the next topic, in 

order to converge for the best strategy for multiclass classification. 

 
Table 6.5 Values of the parameters C and sigma, evaluation of the multiclass classification 

performance, number of support vectors (#SV) and time processing (time) for different feature selec-

tion methods (“No”, PCA, kPCA and GA), for two approaches of multiclass classification (OAA and 

OAO) and with and without implementation of CV method. In the PCA and kPCA were extracted 9 

kinematics features and 4 temporal features. Acc is accuracy, Sens is the sensitivity and Spec is the 

specificity 

 

 Feature 

selection 

Multiclass 

approach 
C σ Acc Sens Spec AUC # SV 

Time 

(s) 

With 

CV 

(four-

fold) 

“No” 
OAA 2.5 7.7 0.73 0.89 0.58 0.70 43 127.8 

OAO 8 2.7 0.73 0.87 0.73 0.71 38 84.07 

PCA 
OAA 2.8 7.2 0.86 0.907 0.53 0.72 50 123.45 

OAO 2.2 7.2 0.85 0.89 0.73 0.75 38 70.14 

kPCA 
OAA 2 0.6 0.85 1 0.5 0.73 62 200.95 

OAO 0.5 4.5 0.86 0.82 0.73 0.76 38 62.06 

GA 

OAA 1.7 10.5 0.85 0.98 0.54 0.72 78 
28180 + 

158.7 

OAO 1.2 2.2 0.91 0.86 0.81 0.80 40 
28100+ 

70.54 

With-

out CV 

 

“No” 
OAA 3.5 6.25 0.69 0.81 0.56 0.68 43 104.8 

OAO 1 3.8 0.72 0.81 0.72 0.69 38 65.09 

PCA 
OAA 7.3 4 0.76 0.90 0.57 0.69 64 101.98 

OAO 0.5 2.3 0.80 0.89 0.71 0.74 38 62.07 

kPCA 
OAA 2.1 1.3 0.75 1 0.5 0.68 72 200.95 

OAO 2.7 2.7 0.80 0.80 0.72 0.74 38 62.05 

GA 

OAA 0.55 1 0.77 0.93 0.56 0.70 80 
28080 + 

158.7 

OAO 2.3 2.5 0.81 0.90 0.77 0.72 40 
28010+ 

70.54 
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6.2.6.Discussion  

Below it will be presented the discussion of the results presented in the previous 

sub-section. 

 

Biomechanical parameters   

The statistic information listed in Table 6.2 and Table 6.3 indicates that there is a 

similarity of all 23 gait features for the three classes, since they present mean values 

and standard deviation values very close. Thereby the classification process was able 

to specify a boundary decision. Also, Figure 6.6 confirms this similarity between 

biomechanical parameters used in locomotion mode recognition, due to overlap of 

features in the spatial representation.  

 

Binary classification 

Based in the information listed in Table 6.4 it is possible to verify that the imple-

mentation of feature extraction methods has a positive influence in the performance of 

the SVM, since the values of accuracy, sensitivity, specificity and AUC are higher 

with PCA, kPCA and GA than without feature extraction method (“No”). Therefore, 

the selection of the most significate features is a primordial pre-processing for classi-

fication stage, since that improves the classifier performance classifier, and also re-

duces  the computational cost of the locomotion mode recognition. 

From Table 6.4 it is possible to verify that the kinematic features have more con-

tribution in the success of the walking classification than temporal features, since the 

performance of the SVM is higher in the test where only kinematic features were se-

lected (accuracy of 81%, specificity of 88%, AUC of 81%) than when only temporal 

features were selected (accuracy 75%, specificity of 75%, AUC of 75%). Indeed, this 

result is consistent with [118, 122].  

Also, note that the combination of the two kind of features is more appropriate 

than to use individual variables (accuracy of 88% against accuracy of 75% and 81% 

for temporal and kinematics features, respectively), as concluded by [118, 121, 122, 

89]. Indeed, in this study was verified that the best SVM performance with PCA and 

kPCA methods is obtained when 9 kinematics features and 4 temporal features are 

selected. The selected features by GA method also indicates that the combination of 

features improve the performance of classifier, since the subset of features returned by 
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this method contains features that belongs to both types of biomechanical parameters. 

Thus, different data types combined could provide more useful information about 

human movement, especially in the assessment of the effects of the gait training. Be-

sides, as mentioned by Begg and Kamruzzaman [118], the number of features is an 

important aspect for the success of the classifier, because there may redundant gait 

features that not provide additional discriminatory information [118].  

As aforementioned, the implementation of GA, comparatively to PCA and kPCA, 

allows to identify which are the most appropriate features for recognition of different 

partial BWS. This information presents greater potential in clinical standpoint since in 

that can be used to understand the disability level of patient, and also to assess the 

evolution of rehabilitation process by means of Exo-H2 with BWS system. In the sub-

set of selected features by GA, for two implemented methodologies of features distri-

bution for training and test set, it is possible to verify that these features provide dis-

tinct information regarding to gait pattern. In fact, inside of the set formed by 10 fea-

tures there is information relatively to: the interval between two sequential initial 

floor contacts by the same limb by means of stride duration (test with CV method) or 

stride per minute (test without CV method); the frequency between the contact of two 

consecutives limbs in ground (cadence); single support phase (percentage of single 

support); the duration of stance phase (percentage of stance phase); minimum angle of 

hip joint (peak of extension); maximum angle of knee joint (peak of flexion); maxi-

mum angle of ankle joint (peak of flexion); interval of angle motion of hip and knee 

joints (ROM of hip and knee joints); and angle in HS or TO events. 

Besides of GA is more appropriated for clinical application for reasons aforemen-

tioned, this feature selection method provides a best SVM performance than PCA and 

kPCA (accuracy of 90% for GA against accuracy of 88% and 84% for PCA and 

kPCA, respectively). Thus, the integration of this method in CAR group allowed to 

improve the accuracy and the applicability of tool in the locomotion mode recogni-

tion, initially begun in CSIC.    

Additionally, note that the principal components extracted by PCA probably have 

more variance than the kernel principal components selected by kPCA due to the best 

classifier performance with PCA (accuracy 88%, sensitivity of 81%, specificity of 

88% and AUC of 88%). However, this conclusion disagrees with the one mentioned 

by [122, 173], that suggested the kPCA for gait analysis. Note that the test with kPCA 

method only has one of four criterions higher than PCA, the specificity, whereby the 
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features extracted with kPCA allow construct a SVM model with good discrimination 

in negative predictors (rate of true negative high).      

Lastly, from the information depicted in Table 6.4 it is verified that the attribution 

of features for training and test set through CV method increments the accuracy and 

generalization of classification, comparatively to situation of manual attribution of 

features. Indeed, this result is consistent for all test realized, which are in agreement 

with literature [121, 110, 113, 130, 168, 171].  

In summary, the most powerful tool for binary classification developed in this the-

sis should integrate GA to select the most representative features of gait patterns, and 

CV method, not only to attribute the features for training and test set, as well as to 

generalize the application of SVM model in classification of locomotion mode recog-

nition.  

 

Multiclass classification  

By comparing all strategies of feature extraction, was shown that the dimensional 

reduction of features turns the SVM more accurate, whereby the classification can be 

effectively improved by identifying the relevant variables.  

Additionally, note that the implementation of GA increments the performance of 

multiclass classification comparatively to features selection by means of PCA and 

kPCA methods, as indicate the results of Table 6.5. According to time processing de-

picted in Table 6.5, the integration of GA in classification stage is computational 

more demanding  than PCA and kPCA due to iterative process in search of best fea-

tures. Nevertheless, in case of  PCA and kPCA is necessary to realize several tests 

with different values of dimensional reduction (different values for d parameter), and 

therefore in the end the time of processing for threes methods can be similar. 

Comparatively to selected features by GA in binary and multiclass classification, it 

is noted that in last case are additionally extracted more three features in order to dis-

tinguish the presence of more one class. In fact, the features set of binary classifica-

tion are included in features set of multiclass classification, and therefore it is verified 

that these features characterize the therapeutic training assisted by Exo-H2 and BWS 

system.    

Also, it is observed that the principal components extracted by PCA and kPCA 

provide a similar performance to the classifier. Nevertheless, this result disagrees with 
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the considerations of Wu et al. [122] that argue that the nonlinear PCA provides more 

useful information about gait data.  

Relatively to the OAA and OAO approaches, according with information of Table 

6.5, was verified that in all situations the approach OAO is more appropriate because 

it presents more balanced values for the accuracy, sensitivity and specificity. Indeed, 

the training with OAA approach leads to a specificity value very low and is more cor-

rect using a model with similar rate of true positive and true negative (sensitivity and 

specificity consistent), than a model with high rate of true positive and a low true 

negative rate. Besides, the AUC, a criterion more convergent than accuracy [125], 

recommends the use of the OAO approach. Effectively, this result is in agreement 

with conclusions of a detailed comparison elaborated by [156, 175].  

In addition, these approaches were also compared in terms of the complexity of the 

training process and SVM’s decision making. By analysing Table 6.5 verified that the 

training with OAA approach created more support vectors and consequently present-

ed the highest processing time, since the training time of a SVM model increases line-

arly with the number of training samples (the support vectors number) [155]. Thus, 

the SVM model created through OAA approach has more complexity in making a de-

cision and presents an exhaustive training process, as showed in [153], and thus these 

considerations reinforce the preference for OAO approach.  

Additionally, it is verified that introduction of CV method besides to allow the set-

ting of features for training and test set, also is capable to improve the performance 

and generalization of SVM models constructed with OAA approach or OAO ap-

proach. Indeed, the results of several performed tests in multiclass classification pro-

cess indicate that the CV method is more appropriate than the manual methodology 

that uses the left features in the training phase and the right features in the test phase.   

In summary, by means of several test realized in this thesis it is verified that the 

most powerful tool for multiclass classification in locomotion mode recognition 

should integrate GA to select the most representative features of gait patterns, CV 

method for setting of training and test set and generalize of SVM classifier, and also it 

is recommended  the using  OAO approach.   

 

Hereupon, it is verified that the developed SVM model for binary and multiclass 

classification performs correctly the locomotion mode recognition for different values 

of partial BWS during overground robot-aided walking. This happens under condi-
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tions of high similarity of biomechanical parameters, and thus the algorithm presents 

robust decision boundaries. Also, it is verified that the introduced alterations in this 

locomotion strategy regarding to developed algorithm in CSIC, improved the applica-

bility of the developed tool in clinical context, not only by identification of the most 

relevant features for each gait pattern, as well as by improvement in classification per-

formance.  

6.3.Real-time scenario 

The proposed algorithm for offline locomotion mode recognition performs an 

evaluation of the influence of partial levels of BWS in overground robot-aided walk-

ing in healthy humans through the recognition of temporal and kinematic features 

with binary and multiclass classification, comparing OAA and OAO approaches and 

testing PCA, kPCA and GA feature extraction methods.  

However, it is intended to implement this algorithm to recognize other locomotion 

modes or gait transitions, such as: start/stop walking; sit-to-stand/stand-to-sit; ascend-

ing/descending stairs; ascending/descending slope; change direction; and change 

walking speed. This was not tested since the experiments have not been done due to 

hardware problems in the WR. Nevertheless, the algorithm was created in order to 

attend the recognition of these locomotion modes, being just necessary to change the 

dataset of biomechanical parameters which characterize these gait patterns. All per-

formed procedures are applicable to classify each situation, since a training phase run, 

in order to create a new SVM model corresponding to this new situation.  

Also, it was not possible to finish the implementation of locomotion mode recogni-

tion in real-time (as described below), although in this section it is presented a pro-

posal for real-time methodology. It is noted that as the proposal algorithm will be ap-

plied in real-time, it should be integrated in the H2-HAL board of Exo-H2. Thus, the 

proposed code is developed in C and C++ language, in order to satisfy the require-

ments of this board. Effectively, the online determination of biomechanical parame-

ters are already operational in a H2-HAL board provided by BioMot project coordina-

tor and co-advisor of this thesis.   
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6.3.1.Determination of biomechanical parameters  

In real-time scenario it will be determined the same biomechanical parameters (8 

temporal parameters and 5 kinematic parameters for each assisted joint) of offline sit-

uation, and also the walking speed.  

In order to compute the biomechanical parameters it is needed to identify in real-

time the HS and TO events. Thus, this information is acquired from locomotion strat-

egy presented in Chapter 5, that is already implemented in H2-HAL board to detect 

events and gait phases, including the HS and TO events.   

As it is intended a real-time determination, each value of temporal parameter was 

computed considering the previous (when necessary) and the current gait events. Al-

so, each temporal parameter was just updated when it was verified the occurrence of 

HS and TO events for both lower limbs. Therefore, there is a delay of one gait cycle, 

i.e., the computed temporal parameters in moment i, in fact correspond to temporal 

parameters in moment i-1.   

The gait parameters stride duration; step duration; percentage of single support; 

percentage of double support; percentage of swing phase; percentage of stance phase; 

and all kinematic parameters were determined based on equations presented in sub-

section 6.2.2. The strides per minute and cadence were determined by means of equa-

tions (6.19) and (6.20), respectively.  

 Strides per minute: corresponds to the number of strides that occur in one 

minute. Knowing the duration of one stride it is feasible to estimate how many strides 

occur during one minute through equation (6.19).  

𝑆𝑡𝑟𝑖𝑑𝑒 𝑝𝑒𝑟 𝑚𝑖𝑛𝑢𝑡𝑒 (𝑖) =
1 ∗ 60

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
 (6.19) 

 

 Cadence (step/min): is the number of steps that occurs in one minute and can 

be computed by means of equation (6.20), in order to avoid a delay of 60 seconds to 

compute this parameter.   

𝐶𝑎𝑑𝑒𝑛𝑐𝑒 (𝑖) =
1 ∗ 60

𝑆𝑡𝑒𝑝 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
 (6.20) 

 

Effectively, to ensure the correct determination of temporal parameters it is neces-

sary to know which is the leading limb (right or left) and also which is the most recent 
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gait event (HS or TO).  Also, it is necessary to confirm if between two consecutives 

heel strikes for the same leg there is one TO of this leg, and vice-versa.  

In addition, it was determined, in real time, the walking speed, which is given by 

equation (6.21). 

𝑤𝑎𝑙𝑘𝑖𝑛𝑔 𝑠𝑝𝑒𝑒𝑑 (𝑚/𝑠) =
𝑆𝑡𝑟𝑖𝑑𝑒 𝑙𝑒𝑛𝑔𝑡ℎ

𝑆𝑡𝑟𝑖𝑑𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
 (6.21) 

 

However, the embedded sensors of EXO-H2 do not provide spatial information in 

real time. Thus, in order to compute the stride length it is necessary to calculate the 

forward kinematics. This is possible since the segments length and the kinematic data 

of lower limb joints are known.  

The segment length of Exo-H2 is adapted according to the subject’s segment 

length. Consequently, knowing the height and the gender of subject is feasible to de-

termine the length of each segment of lower limb, by means of the anthropometric 

information of Figure 6.8.  

Figure 6.7 presents a planar biped model (similar to planar model of human-robot 

interaction). The segments 𝐿1, 𝐿2 e 𝐿3 marked on Figure 6.7, which are computed as 

follows.  

For female gender the segments are: 𝐿1 = 0,524 ∗ height subject, 𝐿2 = (0,282 −

0,048) ∗ ℎ𝑒𝑖𝑔ℎ𝑡 𝑠𝑢𝑏𝑗𝑒𝑐𝑡  e 𝐿3 = 0,151 ∗ ℎ𝑒𝑖𝑔ℎ𝑡 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 . The length segments for 

male gender are: 𝐿1 = 0,53 ∗ height subject , 

𝐿2 = (0,285 − 0,039) ∗ ℎ𝑒𝑖𝑔ℎ𝑡 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 e 𝐿3 = 0,152 ∗ ℎ𝑒𝑖𝑔ℎ𝑡 𝑠𝑢𝑏𝑗𝑒𝑐𝑡. 

Figure 6.7 Planar biped model and identification of referential planes for each joint. 

Taken from [180].   
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The forward kinematic was achieved through Denavit-Hartenberg parameters, 

which were defined as listed in Table 6.6. These parameters are the same for lower 

limbs of right and left side.  

 
Table 6.6 Denavit-Hartenberg parameters of human-robot interaction 

Joint 𝛉𝐢 𝛂𝐢 𝐚𝐢 𝐝𝐢 

1 θ1 0 L1 0 

2 θ2 0 L2 0 

3 θ3 0 L3 0 

 

According to this methodology the transformation matrix corresponding to the po-

sition and orientation of ankle joint is presented in equation (6.22). In this context, the 

Figure 6.8 Body segment lengths expressed as a percentage of height (H) for the gender a) 

female and b) male. Taken from [181].  
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last column of matrix corresponds to the vector position, an then  𝑥3 position is equal 

to value 𝑇3
1(1,4).  

 

𝑇3
1= (

(6.22) [

cos(𝜃1 + 𝜃2) ∗ cos(𝜃1) − sin(𝜃1 + 𝜃2) ∗ sin (𝜃3) −sin (𝜃1 + 𝜃2 + 𝜃3) 0 𝐿2 ∗ cos(𝜃1 + 𝜃2) + 𝐿1 ∗ cos(𝜃1) + 𝐿3 ∗ cos(𝜃1 + 𝜃2 + 𝜃3)

sin(𝜃1 + 𝜃2) ∗ cos(𝜃1) + cos(𝜃1 + 𝜃2) ∗ sin (𝜃3) cos(𝜃1 + 𝜃2 + 𝜃3) 0 𝐿2 ∗ sin(𝜃1 + 𝜃2) + 𝐿1 ∗ sin(𝜃1) + 𝐿3 ∗ sin(𝜃1 + 𝜃2 + 𝜃3)

0 0 1 0
0 0 0 1

] 

 

In order to determine the stride length it is necessary to compute x3 position when 

occurs a HS event, and then the stride length is the difference between two consecu-

tives x3 positions as given by equation (6.23). Thereby, it is feasible to compute walk-

ing speed by means of equation (6.21).  

 

𝑠𝑡𝑟𝑖𝑑𝑒 𝑙𝑒𝑛𝑔𝑡ℎ = 𝑥3 (𝐻𝑒𝑒𝑙 𝑠𝑡𝑟𝑖𝑘𝑒 (𝑖))−𝑥3 (𝐻𝑒𝑒𝑙 𝑠𝑡𝑟𝑖𝑘𝑒 (𝑖 − 1)) (6.23) 

 

There are some aspects that should be considered during the real-time implementa-

tion for determination of the biomechanical parameters:  

 According to the implemented algorithm in H2-HAL board, the biomechanical 

parameters are recorded in text file after each update; 

 Before run the algorithm for each subject it is necessary to consider the gender 

and height of the subject in order to compute the walking speed; 

 Use the algorithm for detection of events and gait phases presented in Chapter 

5 to detect the HS and TO events required for online determination of biomechanical 

parameters. 

 

6.3.2.Feature selection methods 

Due to computational limitations of H2-HAL board it is not possible to implement 

the PCA, kPCA or GA, or other multivariate statistic methods, as methods for fea-

tures selection stage of real-time locomotion mode detection.  

Thus, the proposed solution is the following. During the data acquisition should al-

so be recorded the moments at which happens a transition of locomotion mode. Using 

the recorded data, the signals provided by embedded sensors are segmented at the 

moments that occur the gait events. Then, are computed the biomechanical parameters 

for each segmented sub-signal. Lastly, are applied, in offline, the PCA, kPCA and GA 
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algorithms (as described in previous sub section 6.2.3.) in order to select the features 

which best represent each transition of locomotion mode. These specific features will 

be used to attribute accuracy to the classification stage of the proposed algorithm for 

real-time gait modes recognition, implemented in C/C++ language.        

As aforementioned one disadvantage of PCA and kPCA is the need of defining of 

how many features will be extracted by means of parameter d. Thus, it was also im-

plemented the sequential-forward-search (SFS), that finds the subset of features that 

maximize the performance of a cross-validated training. In fact, such as GA method, 

the SFS is a wrapper method. SFS was realized by means of function sequentialfs of 

MATLAB®, and the CV through function cvpartition from MATLAB®. This method 

accomplishes an exhaustive search to select the number (here is not used the parame-

ter d) and the kind of features which best contribute for classification, analysing all 

feasible combinations of features. Farrell and Heer [176] have shown the success of 

this wrapper to determine the optimal features, from EMG channels, for the control of 

lower limb prosthesis.  

The offline implementation of the feature selection methods reduces the delay in 

real-time detection of each transition of locomotion mode, due to prior knowledge of 

which biomechanical parameters will form the features of each locomotion mode.  

6.3.3.Classification  

SVM classifier is by definition a binary classifier for offline classifications. How-

ever, new proposal have been presented for implementation of this classifier in mul-

ticlass classification (as OAA and OAO approaches), and in online binary classifica-

tion, as incremental SVM proposed by [177]. The use of multiclass classification in 

real-time scenario has not been suggested, and due to the high level of complexity it 

could not be compiled in H2-HAL board of Exo-H2.  

Thus, after analysing several hypothesis mentioned in real-time applications (e.g. 

HMM, Gaussian Mixture Models, Dynamic Bayesian Network), it was established 

that the real-time detection of transition of locomotion modes will be realized by an 

heuristic algorithm, the FSM.  

To implement the FSM is needed to identify all feasible states (first phase), to con-

struct the state diagram (second phase), to define the decisions rules and thresholds 

which will be used to classify each gait pattern in the corresponding state (third 

phase).  
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According to the protocol of real-time scenario of BioMot project, the locomotion 

modes to be realized during experiments with human and Exo-H2 are: stand; sit; start 

walking; stop walking; level walking; ascend stairs; descend stairs; ascend slope; de-

scend slope; change direction of walking (turn to right or to left side); and change 

walking speed (increment or decrement). Thus, these modes will form all possible 

states of FSM.  

Regarding the second phase, it is proposed the state diagram depicted in Figure 

6.9, with 11 feasible states (highlighted below) and 30 feasible transitions, which 

should be detected by the locomotion mode recognition algorithm. From Figure 6.9, it 

is feasible to conclude that in order to realize the modes change direction and 

change walking speed it is necessary that the previous mode is the level waking 

(transition 26 and transition 29 in Figure 6.9, respectively). Thus, this information 

should be integrated in the decision rules of these both states. Also, all experiments 

begin in stand state, and from this mode the human-robot can perform the sit (transi-

tion 1 in Figure 6.9) or start walking (transition 3 in Figure 6.9) states. After start 

walking state the human-robot can perform the locomotion modes corresponding to 

the following states: ascend stairs (transition 6 in Figure 6.9); descend stairs (transi-

tion 7 in Figure 6.9); level walking (transition 8 in Figure 6.9); ascend slope (transi-

tion 9 in Figure 6.9); and descend slope (transition 10 in Figure 6.9). Following of the 

performance of any these states, the human-robot can stop walking, being this state 

detected by following state transitions: transition 11 if in the previous state the hu-

man-robot was ascending stairs; transition 12 if in the previous state the human-robot 

was descending stairs; transition 13 if in the previous state the human-robot was walk-

ing in level ground; transition 14 if in the previous state the human-robot was walking 

in level ground with changes of speed; transition 15 if in the previous state the hu-

man-robot was walking in level ground with changes of direction; transition 16 if in 

the previous state the human-robot was ascending slope; transition 17 if in the previ-

ous state the human-robot was descending slope.                           
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The third phase still cannot be performed since, as aforementioned, there are still 

no data for an offline pre-analyses to define the decisions rules and thresholds of 

FSM. Also, does not correct implement the same decisions rules mentioned in litera-

ture to detect the same locomotion modes due to followings aspects: the algorithms of 

real-time locomotion mode recognition described in literature do not perform in sce-

nario human-robot interaction, and therefore the decisions rule cannot be the same (as 

described in Chapter 5); the definition of decisions rules depends on the available gait 

measurements to specify the thresholds; the literature does not present studies that 

consider all feasible transitions depicted in Figure 6.9, classifying single pairs transi-

tions, such as: ascend/descend stairs [178, 107]; sitting/standing [179]; start/stop 

walking [91].    

 

6.3.4.Last considerations 

The flowchart of Figure 6.10 summarizes all the required procedures to be per-

formed for real-time locomotion mode recognition, specifying which are the proce-

dures associated to offline and online implementation.  

 

Figure 6.9 State diagram that represents the 11 feasible states of locomotion modes of this study, 

and all feasible transitions between these states, according to protocol of BioMot project. 
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Out of all the procedures presented in  Figure 6.10 related with control strategy of 

locomotion mode recognition, just FSM is not finished, by the reasons abovemen-

tioned. Note that the offline procedures were implemented in MATLAB®, while the 

online procedures are programmed in C/C++ language.  

Although some tasks of the algorithm have been implemented offline, the locomo-

tion mode recognition will operate in a real-time scenario, since the algorithm should 

be capable of predicting the human-robot locomotion mode using solely the data pro-

vided by sensors embedded in the Exo-H2.   

From  Figure 6.10 it is also possible to verify the integration of online algorithm of 

gait events detection with online locomotion mode recognition, since the online de-

termination of features requires the previous detection of HS and TO events. Thus, 

this flowchart completely explains how works the locomotion strategy to be imple-

mented in high level control of Exo-H2 in order to detect the locomotion mode recog-

nition. This is a fundamental task for walking assistance with this WR while perform-

ing daily living activities.  

The evaluation of the performance of online recognition of locomotion modes will 

be carried out  in real-time, comparing the recognized mode by the FSM with gait 

mode actually performed by the human-robot interaction. Besides, this information 

Figure 6.10 Flowchart of real-time implementation of locomotion mode recognition. 
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allows the accomplishment of a posterior offline analysis by determining of the same 

metrics used in offline scenario.     

To perform the real-time locomotion mode recognition were not used EMG sig-

nals, acquired from Cometa system, since these biomechanical signals are time vary-

ing and the features of the signal change within the same task over time [176]. Also, 

there are practical complications with this sensor, since the electrodes can be placed 

during experiments. It has been a strategy of the BioMot project to do not apply this 

type of sensors in locomotion mode recognition.  

Also, it can be placed IMUs in human trunk segment, in order to acquire infor-

mation relatively to arms motion, which can be used as features to detect the transi-

tion between locomotion modes, as: stand to start walking; stand to sit.     
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Chapter 7 – Conclusions 

 

Currently, a number of people present abnormal gait patterns as consequence of 

neurological diseases or muscular weakness. Consequently, it is needed to achieve 

effective methodologies to assist and rehabilitate the impaired walking. According to 

clinicians the therapeutic training during daily living activities by means of WR is a 

powerful and prompt methodology to recover the normal gait pattern. Therefore, the 

development of these type of assistive devices should be addressed within the field of 

rehabilitation.   

Effectively, the work carried out in this thesis addresses the development of loco-

motion strategies and gait analyses, which will be integrated in the high level control 

of WR (Exo-H2) in order to apply this ambulatory exoskeleton in the therapeutic 

training during daily living activities. The locomotion strategies proposed and validat-

ed in this thesis, were identified in consortium of BioMot project after of the analysis 

to limitations of the control layer of the current WRs. These locomotion strategies are: 

the detection of events and gait phases, and the locomotion mode recognition.  

Previously to propose the required procedures to implement each of the addressed 

locomotion strategies, an extensive survey of the state of the art was performed in this 

thesis in order to accomplish a comparative analysis between the overall possible 

methods to implement these strategies. From the outcome of this research,  the proce-

dure to be implemented for both locomotion strategies was proposed. 
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Regarding the detection of events and gait phases, the proposed strategy imple-

ments an algorithm based on adaptive thresholds to detect in real time the events and 

phases of gait, either for WR, for DARwIn OP humanoid robot and healthy subjects.  

The validation of the proposed algorithm in different contexts and with different de-

vices shows up its robustness and generalization. Also, it was verified that the thresh-

olds should be specified separately for both lower limbs due to the slight deviations of 

the biomechanical parameters of each limb.  

Comparing the proposed strategy with literature studies, it is verified that in this 

thesis it is proposed a more complete events and gait phases detector to be integrated 

in real-time in assistive device (Exo-H2), using solely the biomechanical data ac-

quired from WR embedded sensors. Thus, the locomotion strategy here presented 

brings an adaptive and more complete tool for online detection of events and phases 

of gait. From this information it is possible to characterize the gait pattern, by compu-

ting the biomechanical parameters, in order to diagnose the abnormities and/or to 

evaluate the progress of rehabilitation training. As such, it is verified the great poten-

tial of the integration of this locomotion strategy in WRs to assist the therapeutic 

training. 

The work accomplished in this thesis also contributed to knowledge concerning 

the development of a locomotion strategy that performs locomotion mode recognition. 

The integration of this locomotion strategy in the control strategy of WR is fundamen-

tal in order to apply an adaptive assistance according to human intention and envi-

ronment conditions during daily living activities. In fact, the locomotion mode recog-

nition aims to detect in real-time the user locomotion intention in a number of walk-

ing tasks (e.g. ascending/descending stairs; ascend/descend slopes; level walking) by 

means of biomechanical signals of human-robot interaction and through the imple-

mentation of the gait detector.  

In this thesis, the major concepts of locomotion mode recognition were demon-

strated in offline and detailed comparisons were evaluated due to the implementation 

of several different methods present in literature. From these results, it was concluded 

which is the more adequate procedure to apply in the locomotion mode recognition. 

In fact, it was concluded that the combination of different types of features (biome-

chanical parameters) provides a more robust tool for detection of user locomotion in-

tention since each type of feature contributes with distinct information regarding the 

gait pattern. Additionally, it was concluded that the selection of the most discrimina-
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tive features contributes either to improve the performance of the locomotion mode 

recognition, either to reduce the computation cost of this process. The later, should be 

taken into consideration particularly in of real-time scenario implementations. From 

the three implemented and evaluated feature selection methods, the GA showed to be 

the most adequate for this purpose, since it provides the best recognition performance 

and identified which are the most relevant biomechanical parameters to discriminate 

the locomotion modes without additional parameters.  

Concerning the classification phase of the locomotion mode recognition, the SVM 

classifier was selected for implementation due to its advantages as pointed out in the 

revised studies. Indeed, the characteristics of this supervised machine learning ap-

proach that supports its choice are: convergence to a global optimal, avoiding the lo-

cal minima and over-fitting in the training process; ability to minimize both structural 

and empirical risk leading to a better generalization for new data classification even 

with a limited training data set, producing stable and reproducible results; capacity of 

operate with nonlinear and multidimensional data, as biomechanical parameters of 

gait.  

As the integration of the locomotion mode recognition requires a discriminative 

analysis between several gait modes, it was verified that the multiclass classification 

phase should be performed by the OAO approach, instead of OAA approach, since it 

presents higher accuracy in classification, is less complex in making a decision and 

presents a less computational cost.  Also, it was verified that the implementation of 

the CV method is fundamental to increase the accuracy and the generalization of clas-

sification phase of locomotion mode recognition.  

 

The work herein presented enables to answer the RQs outlined in Chapter 1. 
 

 RQ1: Which are the most common gait abnormalities? Are these abnormali-

ties the ones targeted by current assistive devices?  

Based on the surveys accomplished in this thesis, the inadequate flexion and ex-

tension of hip and knee joints, excessive flexion and extension of hip and knee joints, 

inadequate dorsiflexion control of ankle joints, and the excessive dorsiflexion and 

plantarflexion of ankle joint are the gait abnormalities most commonly reported as 

consequence of gait pathologies. Included in these gait abnormalities are the gait dis-

orders foot drop, equinus, calcaneus, steppage, vaulting and the circumduction, which 
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should be the main target of the current assistive devices. Effectively, the commercial 

exoskeletons still need to improve their assistance in order to overcome such gait dis-

orders. In fact, the Exo-H2 has novel characteristics that take into consideration the 

assistance in ankle joint by means of a powered actuator, in order to compensate the 

weakness or paralysis of tibialis anterior muscle, and therefore to prevent the foot 

drop.  

 

 RQ2: Which are the sensors with greater potential to measure the gait signals 

for control strategy of detection of events and gait phases?  

In order to detect events and gait phases are required biomechanical signals rec-

orded during the walking by means of measurement devices. Based on revised litera-

ture, the IMUs are effectively appropriate devices for the measurement of biomechan-

ical parameters with purposes of events and phases gait detection, since they are: 

small; light; easy to don and doff; and provide drift-free angles, angular velocities and 

linear accelerations with minimal latency. Effectively, the acquisition of different 

types of biomechanical features using only device has a great potential for integration 

with WR, since for the locomotion mode recognition the combination of distinct fea-

tures improves the control of WR over the using only a type feature.  

 

 RQ3: Does the detection of events and gait phases depend on the walking 

conditions (e.g. assisted or not assisted walking, type of recorded signals)?  

From the validation of the proposed solution for detection of events and gait 

phases in different locomotion contexts (walking assisted by WR, walking of biped 

robot and walking of healthy subject) it is verified that the gait event/phase detector 

based on adaptive thresholds depends on the available gait measurements and the 

walking conditions. Effectively, for each new walking condition the feature used to 

specify the decisions rules, and subsequently the corresponding threshold values 

should be adapted. 

 

 RQ4: How can the detection of events and gait phases in the proposed algo-

rithm become robust to disturbances of gait cycle?  

To overcome this limitation of the online gait analysis, this locomotion strategy 

implements a FSM with an adaptive threshold instead of a fixed one. The achieved 
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analysis will be consistent with the current gait motion and will be robust enough to 

accommodate possible sporadic perturbations that take place and to different locomo-

tion contexts (walking up and down slopes, and others). Thus, through the introduc-

tion of calibration and update phases in the online detection the threshold values are 

set according to the last recorded biomechanical signals. 

 

 RQ5: Which are the most relevant biomechanical parameters in the character-

ization of gait patterns?  

Based on the results achieved in offline scenario of locomotion mode recognition, 

it is concluded that the kinematic features have a stronger contribution in the success 

of the walking classification than temporal features, when just one type of features is 

used. Also, it was verified that the combination of different types of features achieved 

better results than when only one type of features was considered. Thus, in the context 

of gait pattern recognition of walking with different partial BWS it was verified that 

the most relevant biomechanical parameters were: the interval between two sequential 

initial floor contacts by the same limb by means of stride duration and/or stride per 

minute; the frequency between the contact of two consecutives limbs in ground (ca-

dence); single support phase (percentage of single support); the duration of stance 

phase (percentage of stance phase); peak of flexion or/and extension for hip, knee and 

ankle joints; ROM of interval of hip, knee and ankle joints; and the angle in HS 

and/or TO events for hip, knee and ankle joints. 

 

 RQ6: Which are the required procedures in order to achieve an accurate and 

general locomotion mode recognition?  

Through a comparative analysis carried out with revised studies of locomotion 

mode recognition, it was concluded that in order to improve the accuracy of the loco-

motion mode recognition, this locomotion strategy should involve the following stag-

es: determination of biomechanical parameters, which will be used as gait features in 

next stages; normalization of features, mainly if kinetic data is used; selection of the 

most relevant features; classification stage to compute the discriminative analysis be-

tween locomotion modes; and the evaluation of walking recognition. 
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 RQ7: How can be assessed the performance of locomotion mode recognition? 

To evaluate the performance of SVM in locomotion mode recognition, three di-

mensions, accuracy, sensitivity and specificity are commonly used. These are ob-

tained based on a confusion matrix. Accuracy is defined as the classifier ability to ac-

curately recognize the gait patterns; sensitivity, measures the proportion of actual pos-

itives which are correctly identified as such; and the specificity measures the propor-

tion of negatives which are correctly identified as such. The locomotion mode recog-

nition can also be evaluated by AUC. This metric is capable to assess the classifier 

independently of the distribution a priori of the classes, presents higher convergence 

than accuracy and represents the average sensitivity across all possible specificities.  

 

Hereupon, it is concluded that the delineated goals and RQ raised in introduction 

of this thesis were addressed. Besides, it was verified that the developed work during 

the stay in CAR improved the applicability of the locomotion mode recognition tool 

initialized in CSIC, as well as contributed to knowledge with a general and robust tool 

for online detection of events and gait phases. Consequently, the assistive locomotion 

strategies herein proposed and validated become closer to the completion of WP 6 of 

BioMot project.  

7.1.Future work  

As future work it is necessary to realize the experiments of therapeutic training in 

SCI or stroke patients during the assistance by means of Exo-H2 considering different 

locomotion modes, such as: walking in level ground; ascending/descending stairs; 

start/stop walking; sit-to-stand/stand-to-sit; walking with changes in speed; and oth-

ers. The acquired data over these trials will allow to validate the proposed strategy in 

this thesis for online recognition of locomotion modes. In fact, from these data it will 

be possible to select the most relevant features for each gait mode, and then use this 

knowledge in setting up the decisions rules of the FSM herein proposed.  

It is also necessary to validate the proposed algorithm for detection of events and 

gait phases, already operational in H2-HAL board of Exo-H2, during the walking as-

sisted by this WR. Indeed, with the implementation of the gait detector in high level 

control of Exo-H2 it will be possible to determine in real-time the biomechanical pa-

rameters of assisted walking. Then, this information can be used as a tool for diagnose 
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the current gait pattern or as tool to assess the rehabilitation progress. Such infor-

mation would be displayed to clinicians or to subject by means of the user interface.  

After the gait detection validation and the algorithm for online recognition of lo-

comotion mode are operational in the H2-HAL board, it is proposed as future work 

the validation of this locomotion strategy in online scenario, mainly in a non-clinical 

environment, where more perturbations to the walking process may appear.  

The achievement of these procedures concludes WP 6 of Biomot project, and 

therefore the Exo-H2 could become available as a commercial WR addressed to assis-

tance during daily living activities.  

Additionally, in order to overcome the lack of a database of healthy gait, it would 

be interesting to build such database with biomechanical parameters acquired from 

healthy subjects during walking over different conditions of speed and ground. This 

database could be available to be used for diverse tasks relative to the gait analysis, 

and also it could be used in the development of simulated human walking models.    
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