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1 Introduction 

The study of biomechanics – the motion of living beings – is as old as human history 

itself, from the motions of everyday living, physical work, hunting, and fighting to the 

specific movements of sports and dance. Animals and humans have looked at each other 

to learn through imitation and people perfected their movements through deliberate trial 

and error learning to achieve mechanically effective and energy-efficient use of the 

body. Later, structures and machines have been built that mimic the favorable properties 

of structures that people noticed occurring in nature. Modern-day biomechanics, as an 

interdisciplinary scientific field, applies the tools of mechanics to describe the motion of 

biological tissues and fluids on the micro and macro levels in order to arrive at solutions 

to biological problems that improve the quality of life (bionics) or to apply natural 

principles in intelligent designs (biomimetics). 

Studying motion – kinetics and kinematics – is essentially the study of coordination 

itself which may prove to be a fruitful endeavor as it provides insight into the 

organization and control of complex systems. This thesis explores four topics: the field 

of balance assessment methods, a particular balance assessment test, an open-chain 

kinematic model of the human body, and biologically inspired signal processing that 

may aid us in the previous fields. A brief introduction to these topics is given in the 

following. Sections 2-5 explore these topics in full. Section 6 provides a summary of 

this thesis, condensing the research into conclusions, and the future outlook is explored. 

Section 8 lists the publications related to the main contributions, followed by 

Appendices and References. 

1.1 Balance assessment methods 

The maintenance of balance, particularly in bipeds such as humans, is an intricate 

process carried out by an integrated neuro-musculo-skeletal system [1]. Postural balance 

requires non-linear control with time delays, where the central nervous system has to 

ensure stability and accuracy in a fraction of a second [2]. To solve this challenging 

task, the central nervous system creates synergic muscle strategies through learning and 

recalls these strategies when different balancing tasks have to be carried out [3]. These 

strategies have been extensively studied theoretically and experimentally (see [4–6] as 

examples). Balancing is a worthy subject of study from a bionic and a biomimetic 

aspect as well – to learn how animals and humans carry out this complex task and gain 
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inspiration from these biological designs to use in engineering. Ultimately, the study of 

balancing is the study of motor coordination. 

Balancing abilities can be tested with a functional approach to check for existing 

balancing problems and to assess the risk of falling. Such assessment methods provide 

valuable information on the current motor coordination effectiveness of patients. While 

functional tests are practical in terms of the low number of required devices and 

instrumentation, they are inherently subjective as most of them do not use instrumented 

measurement data in the scoring process. Another widely accepted and applied method 

is static posturography, where the participant is standing quietly on a motionless force 

platform that tracks the COP (center of foot pressure) displacement and calculates 

postural control measures from COP data. 

Functional tests and static posturography may not be adequately challenging tests to 

be completed by athletes or non-athletic healthy individuals. As an example, this may 

fail to discriminate between healthy and asymptomatic individuals in the latter case, 

while in the former case, it may not allow for tracking training progress. To 

complement these methods, dynamic tests are performed to provide more information 

on the postural control of the participants by imposing perturbations or placing them in 

a dynamic environment. For practical reasons and to limit the scope of the investigation 

to a particular aspect of balancing, task-specific study methods of dynamic balancing 

have been developed. This has led to a proliferation of balance assessment methods; 

presently, numerous balancing tasks are being examined using various devices such as 

movable support surfaces or unstable structures.  

Section 2 provides a further introduction to human standing dynamic balancing, 

raises Research question 1 on the tasks and measurements of balancing, and presents 

our systematic literature review investigation (Section 2.5), resulting in Main 

contribution 1 (Section 2.6). 

1.2 The sudden perturbation balance test 

The role of balancing tests is becoming more prominent in medicine and sports 

sciences as well. Training of coordination and proprioception are used not only for 

increasing athletic performance. These are now an integral part of skills development 

for children and rehabilitation programs for various orthopedic (e.g., crucial ligament 

tear, arthrosis, joint replacement) and neurological alterations (e.g., stroke, dementia, 
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Alzheimer’s disease). There is also the possibility of applying these tests as diagnostic 

tools, and research efforts are being made to this end. 

As mentioned above, various balancing devices have been developed to test and 

train balancing abilities. The sudden perturbation test is one such method that is 

becoming prevalent [7,8]. This test involves a suspended metal platform that provides 

free motion in the horizontal plane that magnifies the effects of balancing efforts that 

exert sideways forces on the support forces. There is also the possibility to provide a 

sudden unidirectional horizontal perturbation to elicit a balance recovery response 

motion. Measuring the movement of the platform or the movement of the participant, 

the efficiency of the recovery motion, and thus, the balancing ability can be quantified. 

Further studies are needed to characterize better the balance recovery motion and the 

possible coordination patterns employed by the nervous system. 

Section 3 introduces the details of dynamic balance assessment with the PosturoMed 

device, raises Research question 2 on balance recovery action, and presents our 

investigation (Section 3.4, resulting in Main contribution 2 (Section 3.5). 

1.3 Modeling the balancing human body 

Traditionally for balance assessment, the human body is modeled with a single point 

(the center of mass, or the center of foot pressure), a single or double inverted 

pendulum, or a multi-segment model [9]. Often, these segmental models are restricted 

to a single plane of motion. Naturally, increasing the complexity of the body model 

increases the accuracy and sensitivity of the method. Conversely, this makes it more 

difficult to implement such assessments in clinical practice due to the increasingly 

specific and costly instruments and the expertise to operate such equipment. Therefore, 

it is sensible to choose a model that is sophisticated enough to obtain the necessary and 

correct conclusion from a balance assessment test, such as the movement coordination 

strategies being used, and at the same time has simple enough measurement 

requirements. 

Section 4 introduces the open kinematic chain models of the human body and raises 

Research question 3 on the validity and applicability of such models. Next, our double-

pendulum model is proposed (Section 4.4), followed by two investigations: one 

regarding the validation measurements (Section 4.5), the other regarding the utility and 

applicability of the model (Section 4.6), resulting in Main contribution 3 (Section 4.7). 
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1.4 Biologically inspired signal processing 

The study of motion and motor control involves measuring and analyzing signals 

from multiple modalities, such as positional data and joint angle data via motion 

capture, muscle activation via EMG signals, cortical activation via EEG signals, and 

pulse data via a pulse oximeter or electrocardiogram. The multiple modalities and the 

different physical units or dimensions make it difficult to consider these signals 

simultaneously and extract valuable information. Furthermore, these data are temporal 

in nature and may also have a strong spatial dependence. Better mathematical and 

computational tools are needed to analyze such data. 

One effective computational tool for spatio-temporal data that has emerged recently 

is the spiking neural network (SNN), also called the third generation of artificial neural 

networks, in which the processing units (neurons) of an SNN behave similarly to a 

biological neuron [10]. First and foremost, SNNs have been applied for modeling the 

nervous system based on EEG data [11][12][13], thus solving classification tasks 

related to brain data and providing a neuromorphic model of the cortex. SNNs have 

been used to model motor control as well [14]. In an SNN, information travels between 

the processing units in the form of binary spiking events. A key step in applying SNNs 

to real-world measurement data is the encoding of signals into spike trains which are 

still researched extensively. 

Section 5 provides a further introduction to spiking neural networks, and Research 

questions 4 and 5 are raised regarding biologically inspired signal encodings (Section 

5.2.1). This is followed by an investigation of optimal encodings (Section 5.4), leading 

to Main contributions 4, 5, and 6 (Section 5.11).  
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2 Human standing dynamic balancing 

This section provides a further introduction to human standing dynamic balancing, 

raises Research question 1 on the tasks and measurements of balancing, and presents 

our systematic literature review investigation (Section 2.5), resulting in Main 

contribution 1 (Section 2.6). 

The act and ability of postural balancing – especially in the case of the bipedal 

human – is an extraordinarily complex phenomenon. The human body has many 

degrees of freedom (DoF) and non-linear physical properties as well which require a 

complex, non-linear control system. Such a balance control system must ensure stability 

and correct positioning, or even dynamic stability in accordance with the current aim of 

the motion. It is thought that the nervous system (both central and peripheric) 

compensates for these complexities by adopting robust motion patterns and recalling 

these. 

Balancing as an umbrella term includes the combination of both the control of 

posture and the control of equilibrium. In this discrimination, postural control 

encompasses achieving and maintaining the desired body position in any static or 

dynamic situation. Equilibrium control encompasses maintaining the intersegmental 

stability of the body in spite of gravitational and inertial forces acting on it [15]. In 

balancing assessments, a systems approach is used to identify the disordered 

subcomponents of postural control [16]. Such components of balance control are 

maintenance of balance, object interaction (‘achieving’ a task), and obstacle negotiation 

(‘restoring’ balance) [15]. Our study focused on standing dynamic balance in the sense 

of recovering and/or maintaining standing balance following a sudden perturbation, 

during a continuous perturbation, or under dynamic environmental conditions. 

2.1 Types of balancing 

Balancing abilities can be distinguished into static and dynamic categories. The 

study of static balancing (usually standing without perturbations, also called quiet 

stance) is explored via posturography and stabilometry. On the other hand, studying 

dynamic balancing is related to the totality of motion analysis [1]. Dynamic balancing 

tasks can be categorized from a temporal aspect into reactive, predictive, and 

anticipatory tasks [17]. Predictive balance or motor control is the result of cognitive 

processes. Reactive and anticipatory functions dominate in the case of repeated motions 
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or perturbations. There is an unconscious shift in coordination from reactive to 

anticipatory as the subject becomes more familiar with the specific perturbation [18]. 

Further categorization of dynamic balancing types is presented in Table 1. 

 

Table 1. Categorization of balancing types [19] 

Static stability Locomotor stability Rotational 

stability 

Flying 

stability 

During unipedal and 

bipedal stance (quiet 

standing) on: 

- a stable surface 

- a limited surface 

- an unstable surface 

 

Following an external 

perturbation 

During locomotion 

on: 

- a stable surface 

- a limited surface 

- an unstable surface 

 

During a change of 

direction and speed 

During 

movement 

around: 

- the anterior-

posterior axis 

- the transverse 

axis 

- multiple axes 

During the 

flight phase of 

locomotion 

(shorter or 

longer 

duration) 

 

2.2 Mechanisms of balancing 

The human body constitutes a mechanical system of multiple DoF. Many rigid body 

segments of varying lengths are connected via joints that allow (most often) relative 

rotation of the connected parts. It is supposed that the nervous system creates groups of 

joints to decrease the number of independent DoF [1]. At the same time, studying 

human motion also relies on a reduction of complexity, i.e., the application of a model 

to represent the human body [9]. As a best-case scenario, research efforts can examine 

human motion via a model that is close in complexity to the actual biological control 

system while still applicable enough to be used effectively in research or clinical 

practice. For an overview of the anatomical terms of directions, planes, etc., the reader 

is referred to the Appendix (Section 9.1). 

The earliest and perhaps to this day, the most common approach is to represent 

standing balancing via a single point: the center of pressure (COP, the attack point of 

the ground reaction force acting on the foot/feet) or the center of mass (COM, also 

called center of gravity, COG) (Figure 1). Another simple approach that considers 

actual kinematics is the application of segmental models. The simplest of these are 

inverted pendulum models, which are open kinematic chains. A single-segment inverted 
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pendulum model is frequently employed; it models the upright standing body as a single 

rigid segment, able to move around the revolute joint(s) at the ankle level (Figure 1). 

 

 

Figure 1. Biomechanical models in use for studying human balancing (redrawn from [9]) 

Inverted pendulum models can take into account multiple joints and segments. An 

important consideration is that the center of mass of the human body is located near the 

hip axis, which bisects the body into upper and lower parts with roughly equal length 

and mass. Such a pendulum system is inherently unstable. The roughly equal masses 

also require higher control torques/forces and faster reaction times than control systems 

of human design that aim at increasingly smaller and lighter links as we progress along 

the kinematic chain [20]. The biological control system is further complicated by the 

time delays present in sensing, signal transmission, and actuation. The solution of the 

nervous system for such tasks is to learn muscle synergies and patterns which are 

invoked at the right moment [3]. Such synergistic strategies are the subject of intensive 

research interest [4–6,21]. 

Balance control is a continuously ongoing control process that needs numerous 

inputs to generate the appropriate response from the body's actuators (i.e., the muscles). 

Sensory feedback for balancing is provided by various senses and signals, such as 

visual, vestibular, proprioception (sensing the positions and orientations of body parts 

and joints), and muscle tension and force perception. There is no singular receptor 

related to balancing; on the contrary: various sensory inputs are combined to obtain the 

information needed [22]. Thus, numerous factors that affect the sensory systems can 
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also affect balancing performance. Since a part of motor control is conscious and 

deliberate, cognitive load, i.e., the concurrent cognitive tasks that demand attention, can 

also have a significant effect on balancing efficiency [23]. The processes of growing up, 

the effects of young age [24,25], and the deteriorating effects of old age [26] have also 

been studied extensively. 

2.3 Standing dynamic balancing 

The complexity of balancing processes makes it challenging to assess balancing 

abilities in a concise, holistic approach; various tasks have been developed to examine 

aspects of balancing. Task constraints of balancing assessments can be broadly 

classified as static body stability (stability to keep the body in a static position), quasi-

mobility (dynamic body stability and transfer stability), and mobility (stability during 

locomotion) [15]. As mentioned in Section 1.1, balancing abilities are often tested by 

functional assessment tests in a clinical setting in a subjective manner executed by an 

expert such as a doctor or physiotherapist. When objective measurements are needed, 

static or dynamic posturography is often employed. To complement these methods, 

further dynamic balancing tests are used, utilizing a dynamic condition or an unstable 

surface. 

Dynamic balancing is broadly defined as the controlling process taking place under 

non-static conditions. In the current thesis, the investigation is restricted to balancing 

taking place in an upright stance under dynamic conditions. Hence, the operational 

definition of standing dynamic balancing is a) the maintenance of standing balance 

during a continuous perturbation or under dynamic environmental conditions, b) the 

recovery of standing balance following a sudden perturbation, or c) a combination of 

these. Standing dynamic balance includes both postural control as it aims at maintaining 

or recovering a balanced standing position and equilibrium control as it must create 

reactions to destabilizing forces from the perturbation. Note that recovery actions can 

include stepping under this definition, i.e., transferring from one standing position to 

another in a limited number of steps but not walking, i.e., taking continuous steps as in 

locomotion. 

A dynamic balancing task or test is referred to as an experimental procedure whose 

aim is to assess the standing dynamic balancing ability of a subject when one or several 

types of external perturbation or dynamic conditions are imposed upon it. Such 

perturbations can be mechanical stimuli (sudden perturbation or continuous motorized 
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movement of support surface, etc.), sensory stimuli (visual, vestibular, or proprioceptive 

effects), or a combination of such perturbations. Dynamic conditions can be imposed by 

placing the participant on support surfaces able to move freely or with constraints in 

order to provide a challenge to maintain postural control. Balancing tasks that fit into 

this definition potentially activate all components of postural control (‘maintaining,’ 

‘achieving,’ and ‘restoring’). From a task constraint perspective, these tasks fit into the 

quasi-mobility category, such as keeping the body balanced during movements in one 

posture or transferring between standing postures. 

A balancing device is a piece of equipment on which the balancing test can be 

performed. Various devices, e.g., balancing boards, treadmills, oscillating platforms, 

force platforms, etc., have been developed to assess balancing abilities. Ability 

assessment refers to the objective method of characterizing balancing. Measured 

parameters, e.g., angle or position error of the balancing device, COM (center of mass) 

movement, COP displacements, surface EMG (electromyography), recovery step count, 

etc., are parameters that are used to evaluate the results of the balancing task. These 

parameters are usually specific to the study design, thus making it difficult to compare 

the results of different assessment methods. 

2.4 Research question 1: standing dynamic balance measurement methods 

Numerous different balancing tasks, devices, and measures have been used in the 

research of balance, and many are being applied in clinical or athletic settings. 

However, we could not find in the literature a broad overview of the measurement 

methods applied in the area of standing dynamic balancing.  

RQ1: How can standing dynamic balance assessment methods be classified with 

regards to the balancing tasks and devices being used? 
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2.5 Methods of standing dynamic balancing assessment 

In order to investigate Research question 1, a systematic review of the literature had 

been carried out in 2017. This systematic review aimed at creating a comprehensive 

catalog of dynamic balancing assessment methods and determining which methods have 

a good discriminative ability on various populations. The systematic review was carried 

out according to the PRISMA guidelines [27] and had been published in full detail in 

[8]. 

2.5.1 Search strategy – identification, screening, and eligibility check 

Three electronic databases (Science Direct, Web of Science, and PLoS) were 

searched for publications dated 1997-2017. Key search terms used with Boolean 

conjunction included: postural control, dynamic balancing, ability, balancing task, 

perturbation, assessment, human, and additional synonyms of these terms. Search terms 

were modified according to the required search format of each database. Other sources 

of materials included comprised reference lists of previously cited articles in our 

published works on related topics. 

As an example, a full electronic search strategy for the Science Direct database is 

provided here. In the Advanced search option, the following terms were added with 

Boolean conjunction to search for in ‘All fields’: (postural control OR postural stability) 

AND (dynamic balance OR dynamic balancing) AND (ability OR capability) AND 

(balance task OR balancing task) AND (perturbation) AND (assessment OR evaluation) 

AND (human OR person OR subjects). The search was refined to journal and book 

publications. Publication date limits were set to 2007-Present, with the search 

performed on February 20th, 2017. The search of the Science Direct database yielded 

577 records. The identified materials were screened based on title and abstract 

following the removal of duplicates. Materials of purely theoretical work or with an 

unrelated topic or aim of study were excluded. Proof of concept articles were not 

excluded. 

To check for eligibility, the reviewers agreed upon a set of inclusion and exclusion 

criteria (Table 2). Studies had to meet all the inclusion criteria to be included in the final 

synthesis. Studies that either met exclusion criteria or otherwise failed to meet inclusion 

criteria were excluded. These criteria were set up to provide a quality assessment to a 

certain extent, i.e., the applied methods had to be well communicated and the evaluation 
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of measurement results had to be objective. No additional quality assessment was 

carried out on the materials included. 

 

Table 2. Inclusion and exclusion criteria of studies applied throughout the literature review 

 Inclusion Exclusion 

Balancing test Studies which included 

standing dynamic balancing 

tests in their experimental 

procedures. 

Studies which only included static 

balancing tests (e.g., quiet standing 

tests) without any type of external 

perturbation, dynamic tests during 

other than standing (e.g., gait analysis 

or sitting) or other tests not included 

in our definition of standing dynamic 

balancing tests. 

Description of 

balancing test 

Studies with detailed 

descriptions of the balancing 

test and the experimental 

process that was followed. 

Studies without detailed or incomplete 

descriptions of the balancing test and 

the experimental process that was 

followed. 

Assessment of 

results 

Studies with objective result 

assessment based on 

measurable parameters. 

Studies with subjective 

scoring/assessments of results, not 

(entirely) based on measurable 

parameters. 

 

2.5.2 Data extraction 

In accordance with the focus of this review, the final synthesis of the collected 

material was to extract relevant information on the dynamic balancing ability 

assessment. The data collected from the articles were: 1) author and date, 2) balancing 

device, 3) balancing task, 4) measured parameters, 5) health of participants, 6) group 

size of participants, 7) age and sex of groups, 8) follow-up (the time scale of repeated 

measurements, if applicable), 9) group discriminatory powers (if applicable). 

2.5.3 Search results 

The database search and additional sources yielded 1010 records (Figure 2). After 

the removal of duplicates and records with missing/unavailable abstracts, 751 records 

remained. The title and abstract screening excluded 532 records by reason of an unfit 

topic. The remaining 219 articles underwent a full-text eligibility check. Out of the 219 
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publications, 131 were excluded with reasons, and 25 publications were literature 

review articles related to postural control and balancing. The review articles found had a 

different aim and scope from our current study. The number of articles included in the 

final synthesis was 63 (n=63). 

 

Figure 2. PRISMA flow diagram of systematic review process 

Reasons for exclusion during the full-text eligibility assessment were the following. 

A large number of studies applied a task outside of the scope of our definition of a 

standing dynamic balancing task, e.g., quiet standing or gait analysis. If multiple studies 

described equivalent balancing devices with the same balancing task and similar 

instrumentation for evaluation, the earliest publication was included, and the others 

were excluded as ‘repeated measurement setup’. A number of theoretical articles 

remained at this stage of the screening process, which did not describe a specific 

measurement setup, and were thus excluded. Some articles operated using a subjective 

scoring assessment, and a few articles had an irrelevant aim of study, e.g., balancing of 

bipedal robots. 
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2.5.4 Identified balance assessment methods 

A wide variety of balancing devices and corresponding dynamic balancing tasks 

with an objective evaluation method was found. The final synthesis identified the main 

balancing devices as solid ground, balance board, rotating platform, horizontal 

translational platform, treadmill, Computerized Dynamic Posturography, and 6-DoF 

platform. Tables of all extracted data can be found in the first supplementary file of [8]. 

The following is the full list of the identified assessment methods categorized by the 

main device being used with short descriptions. 

 

1. Unconstrained motion (standing on solid ground) 

Assessment methods in this category applied a perturbation to a participant standing 

on firm ground without movement constraints. 

1.1. Simulated forward fall (release of leaning cable):  

The participant stands motionlessly, leaning at a forward incline angle to the 

ground. A horizontal, taut cable partially or entirely supports the leaning. The 

maximum leaning angle from which recovery is possible can be measured [28]. 

The sudden release of cable tension simulates a forward fall followed by a 

stepping recovery motion [29–32]. Most studies utilizing the simulated forward 

fall method aimed at reaching clinical conclusions, underlining the importance of 

exercising dynamic stability control mechanisms [31], which should include 

balance and agility training in addition to strength training [28] and should 

address the muscular control of the trunk, the fixed and the stepping limb equally 

[30]. 

1.2. Pull/push/hit perturbation 

1.2.1 Waist pull/push: 

The participant adopts a quiet standing bipedal or single leg stance, with the 

apparatus in contact at waist level when a sudden pull or push is applied. The 

balancing task is to recover balance either with or without stepping as 

instructed specifically. Stepping tasks can be preceded by AP (anterior-

posterior) pulls [33] or ML (medio-lateral) pulls [34]. Recovery without 

stepping can be preceded by AP pulls [35] or an AP and ML pull [4,36]. 

Pulling perturbation of the waist can be applied on the side of the body, 

resulting in a rotational perturbation [37]. Ankle stiffness is identified as the 
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first line of defense during this dynamic condition [4], and it is suggested that 

the AP and ML directional postural control is decoupled by the central nervous 

system [36]. 

1.2.2. Shoulder pull: 

A sudden backward (AP) pull is applied to the participant in a quiet standing 

at shoulder level [38]. In the singular study found through our search, the 

perturbation was applied manually by the same examiner person [38]. It can be 

recommended to develop a device capable of standardizing such perturbations. 

1.2.3. Shoulder hit: 

A sudden lateral (ML) push [4] or hit from a pendulum [39] is delivered to 

the participant in a quiet standing at shoulder level. The method could 

successfully induce anticipatory postural adjustment [39]. 

1.3. Sudden load on hands: 

Participants adopting quiet standing on a solid or foam surface hold a heavy 

object in hand (vertical load) that is suddenly released [40]; hold a pan onto 

which a heavy object is dropped [41]; hold onto a string with a horizontal load 

that is suddenly released [42]. The task is to recover standing balance without 

stepping. Although intended to replace the vertical push test, this sudden 

perturbation clearly elicits reactive balance control actions, which is not the 

explicit aim of the corresponding clinical test. However, the horizontal design 

resembles situations encountered in the everyday lives of patients, which 

makes it a favorable candidate method for future studies. 

1.4. Force plate with visual feedback: 

A force plate can be used to carry out instructed tasks with visual feedback 

on a display [43], providing a visual perturbation. The visual feedback can be 

applied to give a semi-immersive virtual reality balancing task where the 

participant has to balance a virtual balance board [44]. 

1.5. Haptic perturbation: 

Visual and haptic sensory inputs are perturbed in quiet standing. COP and 

EMG data can be collected to track changes in postural control [45]. 

1.6. Leg swinging 

The participant adopts a single-leg stance on a force plate and is instructed 

to swing the raised leg. EMG monitoring can be applied [46]. 

1.7. Objective functional reach tests 
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These tests include a functional task with an objectively measurable 

outcome. Tasks include forward and upward reach with the hands where the 

reach distance is measured [47], or muscle activation is monitored by EMG 

[48]. Other reaching tasks are done with the foot, such as the Star Excursion 

Test [49]. 

 

2. Balance board (unperturbed seesaw) 

The balance board is a common way of providing dynamic conditions for balancing 

tests via their unstable mechanics. Uniaxial balance boards can provide either a sagittal 

or frontal axis balance board task depending on the foot's position on the device [3,50–

52] and have been deployed in studies in recent years to assess their appropriateness 

both in testing and training. 

2.1. Sagittal axis balance board (‘stabilometer’):  

The participant has to stand on an unstable board with a sagittal (AP) axis. The 

task is to keep the platform horizontal by balancing the weight distribution 

between the legs [53–55]. 

2.2. Frontal axis balance board: 

The participant has to stand on a board with a frontal (ML) axis. The task is to 

keep the platform horizontal by balancing the weight distribution between the toes 

and the heels. The measurement can involve changing the degrees of instability by 

a different support surface [56] or modifying the balance board stiffness [2]. 

2.3. Omni-axial balance board: 

The participant maintains balance standing on a platform with a round, 

hemispheric rocker base. The platform motion can be tracked optically or by 

accelerometers, ground reaction forces can be measured by a force plate, and 

muscle activation by surface EMG [57,58]. These boards demand a biomechanical 

control strategy different from quiet standing, i.e., they require more than the 

ankle strategy [58], which is favorable in eliciting postural responses of interest. 

 

3. Rotating platforms 

These devices are actuated platforms that allow only revolute motion. 

3.1. Sudden platform rotation perturbation: 

The participant is standing on a rigid platform capable of sudden actuated 

rotation along one or two axes. The perturbation can be a sudden toe-up rotation 
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while the participant is standing freely [59] or being constrained [60]. An ML-AP 

dual-axis platform can deliver rotation perturbation at arbitrary angles [61]. 

3.2. Continuous platform rotation perturbation:  

Continuous rotations are delivered to the participant standing on a rigid 

platform. Horizontal rotations (around the axis of the spine) can vary in amplitude 

and frequency when the body segment motions are analyzed [62]. A single-axis 

rotational platform can be used to provide continuous pitch perturbation with eyes 

open and closed conditions to track changes in COP movement [63]. A similar 

platform can provide pitch or roll rotation perturbation to capture body segment 

motion [64]. 

 

4. Horizontal moving platforms 

These devices are platforms that allow only translational motion, specifically in the 

horizontal plane. 

4.1. Sudden horizontal translation perturbation with controlled stop: 

The participant stands quietly on a horizontal rigid platform when a sudden 

translational perturbation is delivered. The platform can have built-in force plates 

to track COP excursion and the time to stabilization [65,66]. The motion of the 

platform can be more complex, i.e., translation can change directions [67]. This 

method also provides a well-defined motion trajectory that can be adjusted to fit 

populations with impaired functions, as demonstrated in post-stroke patients 

[65,66]. Cognitive tasks can be given to investigate the cognitive contribution to 

postural control [68], and brain cortex activation can be monitored by applying 

the perturbation with or without warning [69]. 

4.2. Sudden horizontal platform perturbation with free oscillation:  

The participant is adopting a bipedal or single-leg stance on a horizontal rigid 

platform locked outside of its resting position. The lock is suddenly released to 

deliver a translational perturbation that is followed by the free oscillation of the 

platform. The balance recovery actions of the participant act as a damping agent 

to stop the oscillation. Recovery time, damping factor, and EMG activation timing 

and level can be measured [3,70,71]. An advantage of this method is that the 

perturbation is standardized, and following the perturbation, the platform provides 

an unstable dynamic condition. A force plate can be fastened onto the platform to 
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allow COP tracking [72]. Section  0 details the usage of one such platform and 

describes our research into this field. 

4.3. Continuous horizontal oscillating platform perturbation:  

The participant stands quietly on a horizontal rigid platform, and a motorized 

continuous translational perturbation is applied to the platform in the AP 

direction. Body segment movement, EMG, and different balancing strategies can 

be observed [73]. A measurement protocol for clinicians is offered in [74]. The 

perturbations can vary in frequency [75] and amplitude, and different visual 

conditions can be applied [74,76]. The frequency changes can be sudden or self-

triggered [77]. It is noteworthy that all identified studies used only AP 

perturbation [73–77], while the same device could also be used to deliver ML 

perturbations. 

 

5. Treadmill with sudden horizontal anterior-posterior perturbation:  

Treadmills [78–80] have only been utilized to deliver sudden anterior-posterior 

perturbation in recent years. The participant is quietly standing on a treadmill belt. An 

anterior [79] or posterior [80] translation perturbation is delivered to elicit a 

compensatory stepping response. Balance recovery tasks without stepping can also be 

carried out [78]. Prospective results indicate that using a treadmill in clinical practice 

merits further development. A treadmill could be used to deliver horizontal AP and ML 

continuous sinusoidal perturbation in future studies. 

 

6. Computerized Dynamic Posturography 

Computerized Dynamic Posturography is a clinically proven and widely accepted 

method of assessing balancing abilities. During a CDP (Computerized Dynamic 

Posturography) test, the participant is standing on a dual force plate support surface 

(platform) within a moveable enclosure (visual surroundings). The sensory and motor 

components in maintaining balance can be analyzed under different perturbation 

conditions (i.e., visual perturbation, platform movement perturbation). Depending on 

the device, the setup may provide rotational, translational, or both types of movement 

constraints and continuous or sudden perturbations. The effect of muscle and tendon 

vibration perturbation can also be analyzed with CDP  [81]. Prominent CDP devices 

and their earliest references identified through our final synthesis were: BIODEX [82]; 
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CAREN [83]; CHATTECX [84]; EQUITEST [85]; FRAMIRAL Multitest Equilibre 

[86]. Some computerized systems can also provide balance training; an example is [82]. 

 

7. Six degrees of freedom platform 

A servo-controlled platform designed to mimic the motion of a ship at sea can be 

used to deliver continuous perturbation in multiple directions [87]. 

2.5.5 A structural framework of dynamic standing balance assessment 

As seen in the previous section, the devices used in balance assessment differ in the 

motion constraint they may impose on the participant and the intervention they may 

provide to make the balancing task dynamic. Based on this observation, we propose 

placing balance assessment methods into a structural framework (Table 3). This 

framework recognizes three movement constraint categories that differentiate between 

balancing devices: unconstrained, translational movement allowed, and rotational 

movement allowed. Balancing tasks or interventions are classified into one of sudden 

perturbation, continuous perturbation, or dynamic condition categories. The identified 

methods can be placed into this framework (Table 3). 

Only one of the identified methods, i.e., Computerized Dynamic Posturography 

(CDP) is standardized and widely accepted as a reference method. At the same time, 

CDP platforms can have different setups that can be programmed to provide various 

movement constraints and perturbations. For this reason, CDP is not included in the 

structural framework shown in Table 3. 

The other, non-standard balance assessment methods have their corresponding 

numerical parameters of evaluation, and there is little overlap in these parameters 

between different methods of assessment. However, the various methods offer different 

motion constraints and perturbation types, out of which researchers and clinicians can 

choose the most appropriate one for their work. 
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Table 3. A structural framework of dynamic standing balance assessment devices and 

tasks 

Movement 

constraints 

Sudden perturbation Continuous 

perturbation 

Dynamic 

condition 

Unconstrained 

(freely on the 

ground) 

• Simulated forward 

fall 

• Pull/push/hit 

perturbation 

• Sudden load on 

hands 

• Force plate with 

visual feedback 

• Haptic perturbation 

• Leg swinging 

• Objective 

functional reach 

tests 

Translational 

movement 

allowed 

• Sudden horizontal 

translation 

perturbation with 

controlled stop 

• Sudden horizontal 

platform perturbation 

with free oscillation 

• Treadmill 

• Continuous 

horizontal oscillating 

platform 

perturbation 

• Horizontal 

platform with 

free oscillation 

Rotational 

movement 

allowed 

• Sudden platform 

rotation perturbation 

• Continuous 

platform rotation 

perturbation 

• Balance boards 

 

Navigating the landscape of balance assessment methods is no easy task. Most of the 

various methods that are applied today are recent inventions or already existing 

balancing training devices or approaches that are repurposed for research or clinical 

assessment. As such, more research efforts are needed to validate these methods to use 

them effectively. Additional information on the conclusions of the collected studies is 

detailed in the Appendix (Section 9.2). Key findings of studies comparing different 

standing dynamic balancing assessment methods, or such methods and static balancing 

assessment are also communicated there. 
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2.6 Main contribution 1: standing dynamic balance assessment 

The following answer can be given to Research question 1 concerning the 

classification of standing dynamic balance assessments: 

Standing dynamic balance assessment methods can be classified according to 

the allowed movement directions (unconstrained, translation allowed, or rotation 

allowed) together with the applied intervention (sudden perturbation, continuous 

perturbation, or dynamic condition without perturbation). 

 

Related own publication: [P1] 

The current contribution aims at providing guidelines on the selection of balancing 

devices and tasks for various populations both for research and clinical practice. A 

researcher who may wish to study the balancing capabilities of a specific group, e.g., 

PD patients, should collect the relevant examples of balance assessments from the 

literature and clinical practice and place them in the classification framework provided 

here (Table 3). This informs the decision to select either a well-established balance 

assessment approach to obtain comparable measurement data or novel research avenues 

by utilizing a previously unused approach. 

To illustrate this process, the group discrimination abilities of the methods were 

collected from the included studies (see the Appendix, Section 9.2 for details). Given 

that our literature review focused on identifying the methods rather than conducting a 

comprehensive review in any patient categories, these findings are summarized only as 

recommendations and placed in the structural framework in Table 4.  

Unconstrained methods that utilized a sudden perturbation, such as a push or a pull 

perturbation, were applied successfully with groups of different age and activity level, 

PD, elderly fallers and non-fallers, and also showed the effects of different training 

groups. Methods with a continuous perturbation had not had enough data to arrive at 

such conclusions. The dynamic condition methods were functional tasks and 

differentiated well for age and training groups; this approach was less successful for the 

case of diabetic neuropathy. 

For the balancing devices that restrict movement, more studies were found where 

translational movement was allowed. Sudden perturbation, in these cases, differentiated 

well between elderly fallers and non-fallers, age groups, training groups, and low back 

pain patients. Continuous translational perturbation differentiated well PD and age 
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groups. Not enough studies utilized a translational device as a dynamic condition, i.e., 

without a perturbation, to reach such conclusions. 

In the case of rotational balancing devices, a sudden or continuous rotational 

perturbation showed little success in the case of PD. Special balance groups and the 

effects of training were differentiated well by utilizing the rotational balancing device as 

a dynamic condition. 

Table 4. Summary of balancing task type recommendations for participant groups. Italics indicate secondary 

recommendations. 

Movement 

constraints 

Sudden perturbation Continuous 

perturbation 

Dynamic 

condition 

Unconstrained 

(freely on the 

ground) 

activity level no data age groups 

age groups training groups 

training groups diabetic 

neuropathy 
PD 

elderly fallers, non-

fallers 

 

low back pain elderly, 

healthy control 

Translational 

movement allowed 

elderly fallers, non-

fallers 

PD no data 

low back pain, healthy 

control 

age groups 

age groups 
 

training groups 

Rotational 

movement allowed 

PD special balance 

groups 

special balance 

groups  
PD training groups 
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3 Balance assessment with the PosturoMed platform 

This chapter introduces the details of dynamic balance assessment with the 

PosturoMed device, raises Research question 2 on balance recovery action, and presents 

our investigation (Section 3.4), resulting in Main contribution 2 (Section 3.5). 

3.1 Introduction to the PosturoMed balance assessment platform 

The PosturoMed device was invented in 1995 and was introduced to the clinical 

biomechanics literature by Müller et al. in 2004 [7]. The device is widely used in 

Europe to train athletes, provide rehabilitation, therapeutic, and balance assessment 

methods. The platform is a solid metal plate (12 kg, 60 cm × 60 cm) manufactured with 

an anti-slipping surface that is suspended on eight 15 cm long identical steel springs 

(Figure 3). This allows the platform to move along the horizontal plane freely. The 

participant is standing on the platform, and the device provides an unstable condition to 

challenge balance. The adopted stance can be either a bipedal or a single-leg stance. 

Suspension is designed in such a way to allow for locking a number of springs; thus, the 

device can be set to have 4, 6, or 8 moving springs. This has an effect on the horizontal 

resistance against translation: a 4-spring setup provides the largest resistance. The 

suspended design makes the PosturoMed into a freely oscillating (unconstrained) 

platform; there is only a small amount of damping provided by the plastic cover of the 

suspension. 

  
Figure 3. PosturoMed device; major components are shown. [www.bioswing.de] 

A fastening apparatus allows the platform to be locked outside its resting position by 

approximately 20 mm. A sudden perturbation is delivered when the fastening apparatus 

is released. The balance recovery actions of the participant act as a damping agent to 
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stop the oscillation. An advantage of this method is that the perturbation is standardized, 

and following the perturbation, the platform provides an unstable dynamic condition. 

Recovery time, damping factor, and EMG activation timing and level can be measured 

[3,70,71]. A force plate can be fastened onto the platform to allow COP tracking [72]. 

 

 
Figure 4. Locking mechanism in unlocked, resting state (left) and locked, displaced state (right). 

Note that only one of the two suspensions located in the corner moves; this is due to the four-spring setting of the 

device. 

3.2 Review of the literature on PosturoMed 

As shown previously in Section 9.2, the PosturoMed device as a balance assessment 

device can discriminate between various participant groups and thus is a promising 

research tool. However, since this is a relatively novel device, no standard objective 

parameters have been established. In the following, we review the relevant literature, 

i.e., studies that utilized the PosturoMed device for balance assessment purposes. (Note 

that for chronological reasons, more recent studies of our group utilizing the results of 

research presented within this thesis are omitted from this review.) A summary in 

chronological order is shown in Table 5. 
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Table 5. Summary of the literature of investigations utilizing the PosturoMed device in chronological order 

Author, date Müller et al. 

2004 [7] 

Böer et al 2010 

[88] 

Böer et al, 2010 [89] Kiss, 2011 [70] 

Balancing 

device 

PosturoMed PosturoMed (1) PosturoMed 

(2) PosturoMed 

PosturoMed 

Balancing 

Task 

Perturbation 

test (ML and 

AP) 

Perturbation test 

(AP) 

(1) Single-leg 

unperturbed stance 

(2) Perturbation test (ML 

and AP) 

Perturbation test 

(ML) 

Measured 

Parameters 

Platform 

motion, 

traveled path 

Balance 

recovery 

movements 

(platform path) 

Balance recovery 

movements (platform 

path) 

Platform motion; 

Time of recovery; 

Damping factor 

Group(s) healthy Healthy adults Osteoarthritic elderly 

G1: training group 

G2: control group 

G1: healthy young 

men 

G2: healthy young 

women 

G3: healthy elderly 

men 

G4: healthy elderly 

women 

Group size(s) n=13 n=55 G1: n=14 

G2: n=21 

G1: n=10 

G2: n=10 

G3: n=8 

G4: n=12 

Age, Sex age: 25-48 age: 37±15 G1: age: 57±9 

M/F: 7/7 

G2: age: 59±13 

M/F: 10/11 

G1: age: 22.7±3.5 

M/F: 10/0 

G2: age: 27.5±6.3 

M/F: 0/10 

G3: age: 71.4±2.4 

M/F: 8/0 

G4: age: 70.4±3.1 

M/F: 0/12 

Follow-up - 1-3 weeks (12 

subjects) 

12 weeks 7 weeks 
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Table 5 continued 

Author, date Kiss, 2012 [90] Holnapy & Kiss, 2013 

[91] 

Schmidt et al, 

2015 [72] 

Giboin et al. 2015 

[3] 

Balancing 

device 

PosturoMed PosturoMed PosturoMed; 

Force plate 

(1) Single axis balance 

board 

(2) PosturoMed 

Balancing 

Task 

Perturbation test 

(ML) 

Perturbation test (ML) Perturbation test 

(ML and AP) 

(1) Keeping the board 

horizontal (AP or ML 

axis) 

(2) Perturbation test 

(ML and AP) 

Measured 

Parameters 

Platform motion Platform motion COP; Platform 

motion 

(1) Platform angle; 

Time at equilibrium 

(2) Platform 

displacement; Time at 

equilibrium 

Group(s) G1: healthy 

G2: moderate 

osteoarthritis 

G3: severe 

osteoarthritis 

G1: healthy control 

G2: direct lateral 

operation 

G3: antero-lateral 

operation 

G4: posterior operation 

healthy G1: PosturoMed 

training group 

G2: Balance Board 

training group 

G3: Control 

Group size(s) G1: n=90 

G2: n=48 

G3: n=48 

G1: n=45 

G2: n=25 

G3: n=22 

G4: n=25 

n=30 G1: n=14 

G2: n=14 

G3: n=12 

Age, Sex G1: age: 65-74 

M/F: 45/45 

G2: age: 65-74 

M/F: 24/24 

G3: age: 65-74 

M/F: 24/24 

 

G1: age: 60±4 

M/F: 23/22 

G2: age: 60±1 

M/F: 12/13 

G3: age: 62±3 

M/F: 11/11 

G4: age: 61±3 

M/F: 13/12 

age: 24.3±3.2 

M/F: 15/15 

G1: age: 26±5 

M/F: */* 

G2: age: 24±3 

M/F: */* 

G3: age: 23±3 

M/F: */* 

Follow-up - 6 months 2 days 2 weeks 
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Table 5 continued 

Author, date Pethes et al, 2015 [92] Mierau et al, 2017 [93] Ringhof et al, 2018 [94] 

Balancing device PosturoMed PosturoMed (1) force plate 

(2) PosturoMed 

(3) Forward fall device 

Balancing Task Perturbation test (ML) Perturbation test (ML) (1) one-leg jumping 

landing 

(2) PosturoMed 

perturbation test (all 

directions) 

(3) Simulated forward 

fall 

Measured 

Parameters 

Platform motion Platform motion; EEG 

activity (cortical 

correlates) 

(1) Ground reaction 

forces 

(2) Platform motion; 

Time to stability 

(3) Margin of stability 

Group(s) G1: healthy control 

G2: conventional total 

knee replacement 

 G3: minimal-invasive 

healthy G1: gymnasts 

G2: swimmers 

Group size(s) G1: n=45 

G2: n=10 

G3: n=10 

n=37 G1: n=12 

G2: n=12 

 

Age, Sex G1: age: 60±4 

M/F: 23/22 

G2: age: 67±10 

M/F: 6/4 

G3: age: 68±4 

M/F: 5/5 

age: 24.7±3 

M/F: 39/0 

G1: age: 24.2±1.3 

M/F: 0/12 

G2: age: 23.2±1.3 

M/F: 0/12 

Follow-up 12 weeks - - 
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3.2.1 Platform path and balance indices 

As noted before, Müller et al. [7] introduced the device in the field of clinical 

biomechanics to carry out objective measurements regarding balancing capabilities and 

explored the applicability of the device in subsequent publications [88][89] (for details, 

see Table 5). They performed the balance recovery tests, unperturbed standing test, and 

calibration measurements on the PosturoMed platform. A self-evident parameter to be 

easily measured is the path that the platform travels either during unperturbed, free 

standing, or after the sudden perturbation (Figure 5). They measured platform 

movements, termed “balance recovery movements,” in the two orthogonal directions in 

the horizontal plane [7]. The total distances covered in these two orthogonal directions, 

plus the total traveled distance in the horizontal plane, can be applied as parameters. 

They concluded that tracking the motion of the PosturoMed platform makes the device 

appropriate to quantify balancing abilities. 

 

Figure 5. Exemplar data of platform position after sudden perturbation. X axis position: parallel with perturbation. Y 

axis position: perpendicular to perturbation. 

In the following, the notation and the calculation of these parameters used in 

[7,88,89,95] are explained in detail. Let direction x be the direction parallel with the 

perturbation (Figure 6); then, the distance traveled Sx can be obtained by summing up 

the numerical differences between consecutive position values along this axis: 

 𝑆𝑥 = ∑ |𝑝𝑥𝑗+1
− 𝑝𝑥𝑗

|𝑗  (1) 
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where px is the time series of the platform center position. The same can be applied in 

the perpendicular direction, resulting in the value of Sy, and the total traveled distance 

(Sr) can also be similarly obtained. 

 
Figure 6. Directional notation convention used for perturbation tests 

Müller et al. [7] characterized the individual’s balancing ability with two balance 

indices. As previously mentioned, in the case of a quiet stance on the unlocked 

platform, self-induced displacements of the platform arise due to instability. The first 

balance index, called Q1, aims at quantifying how these random movements differ in the 

ML and AP directions. Balance index Q1 is the quotient of the two orthogonal traveled 

distances: 

 𝑄1 =
𝑆𝑀𝐿

𝑆𝐴𝑃
 (2) 

where SML is the distance traveled in the ML direction, and SAP is the distance 

traveled in the AP direction. 

In the case of the perturbation test, a different approach was taken. Two tests were 

conducted with a lateral and a sagittal perturbation as well, and the distances in the 

direction parallel with the perturbation were calculated. Then, a balance index Q2 was 

calculated as the quotient of these traveled distances following the two perturbations: 

 𝑄2 =
𝑆𝑥

𝑙𝑎𝑡𝑒𝑟𝑎𝑙 𝑝𝑒𝑟𝑡𝑢𝑟𝑏

𝑆𝑥
𝑠𝑎𝑔𝑖𝑡𝑡𝑎𝑙 𝑝𝑒𝑟𝑡𝑢𝑟𝑏 (3) 

where Sx
lateral perturb is the distance traveled in the perturbation direction for a lateral 

perturbation test, and Sx
sagittal perturb is the distance traveled in the perturbation direction 

for a sagittal perturbation test. 
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In his dissertation [95] and subsequent publication [88], Böer published the results 

of several investigations utilizing the PosturoMed in a single-leg stance. They analyzed 

the aforementioned balance indices (Q1 and Q2) for three healthy age groups (22-30 

years, 31-45 years, 46-79 years) and two groups of injured individuals: one hip and one 

knee patient group. They analyzed the results of unperturbed standing on the platform 

with the traveled paths (Sx, Sy, Sr) and the Q1 balance index, and the balance recovery 

following the perturbation (both AP and ML) with Q2 balance index. The main findings 

are summarized in the following. 

In the case of the knee and hip patients, there was no significant difference between 

the affected and the healthy side, only in the success rate of the balance recovery after 

the perturbation [95]. Comparing the patient groups with the healthy control, only the 

knee injury showed a marked difference in the balance indices. Among the healthy 

participants, the traveled total path of the platform increased with age. The eldest group 

(46-79 years) required significantly more balance recovery motions than the youngest 

group (22-30 years), and they also had double the failure rate. There was also a 

correlation between sporting habits and balancing abilities, with more active 

participants needing less movement to recover balance [88]. 

An important finding was that no significant change could be detected between the 

variables through the first five repetitions of the test, showing excellent intra-test 

reliability. The test-retest reliability of the method was investigated after one month 

with 12 healthy participants and proved to be excellent [88]. It was also found that the 

participant's body weight is not a significant influencing factor regarding the total 

traveled path [88]. 

Böer et al. [89] also evaluated the effectiveness of a 12-week balance training 

protocol for elderly participants using similar methods. Regarding static balance 

(unperturbed standing), the method was able to detect a decrease in failed attempts and 

the total traveled path for the training group in contrast to no change in the control 

group. Regarding the perturbation test, the training group also scored better than the 

control in terms of Sr and the success rate. In general, lateral perturbation required more 

recovery motion than frontal (AP) perturbation. 

An interesting aspect is raised regarding the non-perturbed direction (perpendicular 

to perturbation): the training group showed less movement in the non-perturbed 

direction after the training intervention than the control group, which exhibited no 

change. This was true for both AP and ML perturbations. 
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Notably, Böer et al. [89] analyzed the balance recovery movements as absolute 

values. Since they measured the platform motion for 6 s following the perturbation, the 

traveled distance-type parameters characterize the effectiveness of the balance recovery 

action. 

3.2.2 Time at equilibrium 

Giboin et al. took a different approach: after delivery of the platform perturbation, 

participants had to reach equilibrium and stay there for a longer period, a total of 20 

seconds from the perturbation onset [3]. The parameter used to measure balancing 

effectiveness was the time spent in equilibrium, defined as the platform position staying 

within ±2 mm of the resting position in both horizontal directions for at least 0.5 s. They 

demonstrated that the effects of a short balance training period were negligible on 

performing other balancing tasks not trained in that period. 

Ringhof et al. studied a special group: gymnasts and swimmers, to compare three 

dynamic stability tests: the single-leg jumping and landing, the PosturoMed perturbation 

test, and the simulated forward fall [94]. Regarding the perturbation tests, they utilized a 

temporal parameter, measuring the time to stability (time to equilibrium). They 

considered the platform to be at equilibrium similarly as in [3] and measured the time 

between platform release and stabilization. They found no significant associations 

between the results of the three dynamic stability tests. Furthermore, the time to stability 

of the perturbation test was not significantly different between the swimmers and the 

gymnasts. 

3.2.3 Lehr’s damping ratio 

Looking at the damped oscillatory motion in the direction of the perturbation, Kiss 

hypothesized [70] that Lehr’s damping ratio (D) would be an appropriate measure for 

balance recovery effectiveness. This is the same damping ratio or damping factor used 

to characterize the oscillation of damped systems and shows how far away the actual 

damping factor is from the critical damping, i.e., where there would not be any 

oscillation instead an asymptotic rise towards equilibrium. In this case, higher damping 

means that the participant is recovering from the perturbation more effectively since 

they can introduce more damping into the system via their compensatory movements 

and thus halt the motion of the system more quickly. 

D can be calculated from the measured oscillation of a system: 



32 

 𝐷 =
𝛬

√𝛬2+4π2
 (4) 

where: Λ is the logarithmic decrement: 

 𝛬 =
1

𝑖
ln

𝐾0

𝐾𝑖
 (5) 

where: i is the number of oscillations, K0 denotes the amplitude of oscillation at 

a time point, and Ki means the amplitude of an oscillation that is i times the time 

period away from the one with amplitude K0. 

It can be seen that the two time points where the amplitudes are measured can be 

arbitrary (if nonzero). It is common practice to choose the time point with maximal 

amplitude displacement during the damped oscillation. The number of time periods 

between the two points is recommended to be higher for systems with lower damping 

and vice versa [96]. Typical damping ratio values for the PosturoMed perturbation test 

are between 0.02-0.13 (sometimes noted as percentages). This means that for our 

purposes, the number of oscillations between the points should be in the range 3-10, 

depending on the estimated damping [96]. 

Another option is to identify the parameter values of the transfer function for a 

second-order underdamped oscillatory system, which would take the form of: 

 𝐺(𝑠) =
𝐾𝑝

1+2𝐷𝑇𝑤𝑠+(𝑇𝑤𝑠)2 
 (6) 

where: Kp is the proportional gain, D is the damping ratio, Tw is the natural time 

period, and s is the Laplace operator. 

It has been demonstrated that the damping ratio is not correlated with the body mass 

of the participant and based on a seven-week follow-up measurement, reproducibility 

has also been proved to be excellent [70].  

As expected, balance recoveries standing on the non-dominant leg scored a lower 

damping ratio than on the dominant leg or bipedal stance, while the dominant single-leg 

stance showed to be no different from bipedal stance in the case of healthy elderly and 

young people [70]. Elderly people with osteoarthrosis exhibited the same: standing on 

both legs or on the unaffected limb had the same result, while they performed worse 

when standing on the affected leg. This was the case regardless of age or gender 

(healthy and moderate or severe osteoarthritis, ages 65-69 and 70-74, males and 

females) [90]. 

The difference in the balancing abilities of young and elderly people is also apparent 

using the PosturoMed perturbation test. Healthy elderly people (over 65 years of age) 
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achieve significantly lower damping ratio values during the balance recovery than 

younger adults (18-40 years of age) in all stances, be it bipedal or single-leg stance on 

the dominant or the non-dominant leg [70]. 

Lehr’s damping ratio has been used with good results in the field of clinical 

orthopedics [90][91][92]. Using Lehr’s damping ratio as the performance indicator, the 

effects of orthopedic conditions such as knee and hip osteoarthritis and arthroplasty on 

balancing ability were examined [91]. Post-operative tracking of balancing and different 

surgical methods were also studied with the same methodology to track post-surgery 

recovery in the long term [92]. 

3.2.4 Corrective action 

Pfusterschmied et al. utilized the PosturoMed platform to study the effects of 4 

weeks of slackline balance training on single-leg stance balance recovery following a 

slip [71]. In addition to the platform displacement, they measured the motion and 

muscle activities of the lower limb. They focused on the first motion of the platform, 

i.e., the period between the perturbation and the first maximum displacement of the 

platform oscillation (approx. 150 ms). Ankle, knee, and hip joint angles were calculated 

and used to identify the “corrective action” following the perturbation, calculated by 

averaging the angular displacement in this first reactive phase. The most actively 

changing joint may indicate the ankle, knee, or hip strategy [97] used during balance 

recovery. 

Schmidt et al. fastened a force platform onto the PosturoMed platform to measure 

the center of pressure excursions during two phases of balance recovery: an initial 

interval (0-70 ms) and a second interval (71-260 ms) [72]. They performed repeated 

measurements and concluded that the inter- and intra-day repeatability of the unipedal 

PosturoMed perturbation test is excellent. 

Mierau et al. studied the activity of the brain’s cortex as measured by 

electroencephalography (EEG) during the perturbation test [93]. They investigated the 

cortical networks that may play a role in stabilizing human stance and aid with 

recovering balance after the sudden perturbation. Even though movement introduces 

considerable artifacts into the EEG signal, they were able to show that two connectivity 

networks were activated and supported balancing during the perturbation. 
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3.2.5 Already used parameters 

As shown in the previous sections, the sudden perturbation test results and thus the 

participant's balancing ability can be characterized by various metrics. The most notable 

metrics identified from the literature are: 

• platform path traveled: distance traveled in the directions parallel with and 

perpendicular to the delivered perturbation [89] 

• total platform path traveled: the total distance that the platform travels in the 

horizontal plane [89] 

• balance index: a quotient of the platform path in the direction of perturbation 

after lateral and sagittal perturbations (Q2)[7] 

• the time of successful balancing: the time when the motion of the platform 

stays within ± 2 mm of the resting position during a set trial period, e.g., 20 s 

[3]. 

• Lehr’s damping ratio (D): a ratio of actual damping of the system and the 

critical damping that prevents the system from oscillating [70]. 

• additional metrics quantifying the human body’s motion or muscular efforts 

[71]. 

Another metric to be noted here is the quotient of platform path in ML and AP 

directions (Q1). Note that this parameter has been used only to characterize unperturbed 

stance on the platform [7]. 

3.2.6 Effects of the system’s mass on oscillation 

In order to better characterize the mechanics of the PosturoMed platform, Müller et 

al. [7] carried out measurements with steel weights. The goal of such investigation is to 

test whether the mechanical system behaves similarly when participants with different 

body masses are tested. It is expected that such a hanging, pendulum-like system will 

have an inverse relationship between eigenfrequency and mass. They concluded that the 

main frequency of the oscillation decreases in an inverse, approximately linear fashion 

in the 60-87 kg mass interval and only to a small degree (from ~2 Hz to ~1.8 Hz for 

increasing body mass). As previously mentioned, measurements with participants 

showed that the participant’s body mass did not correlate with changes in the total 

traveled path [88] nor Lehr’s damping ratio [70]. 
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3.3 Research question 2: balance recovery action 

Already existing measurement protocols in clinical practice obtain data by tracking 

the platform motion to calculate measures of balancing performance. Previously used 

metrics measured the effectiveness of the balance recovery motion. It could be supposed 

that the shape of the platform trajectory (the execution of regaining balance) contains 

information regarding the balancing abilities of participants. Based on our review of the 

literature, no previously existing parameters had been developed to characterize the 

platform motion trajectory following the sudden perturbation. In order to address this 

gap, the following research question can be posited: 

RQ2: What parameter can effectively characterize the platform trajectory during 

balance recovery following a sudden perturbation? How can the measures for 

effectiveness and platform trajectory be used to characterize the recovery action? 

 

3.4 Investigation on balance recovery trajectory 

In order to answer Research question 2, I carried out an investigation to develop and 

examine parameter(s) to characterize the platform trajectory following the sudden 

perturbation. 

3.4.1 Characterizing balance recovery trajectory 

As observed during our early investigation [98], platform trajectories can show 

various shapes (Figure 7). In bipedal stance recovery, the motion frequently stays 

mostly linear and in the direction of the initial perturbation (Figure 7a). In the case of a 

single-leg stance, different circular and elliptical shapes can frequently be noted (Figure 

7b-c). In some cases, the medial-lateral perturbation is turned into an anterior-posterior 

motion by the participant (Figure 7d). 
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Figure 7. Various shapes of platform trajectories during balance recovery following a sudden ML perturbation 

As described earlier (Section 3.2.1), the quotient of the platform paths in the two 

orthogonal directions had been applied in the case of unperturbed standing on the 

PosturoMed platform (termed balance quotient Q1). Upon visual inspection, it can be 

supposed that a relative ratio of the paths traveled in the two directions would also 

characterize the trajectory well. Thus, here we define this ratio, called directional ratio, 

as 

 𝑅 =
𝑆𝑥

𝑆𝑦
 (7) 

where Sx is the path traveled in the perturbation direction, and Sy is the path traveled in 

the non-perturbed direction (as a reminder of the directions, see Figure 6). As such, the 

value of R is higher for a more linear platform trajectory where motion stays in the 

perturbation direction and consequently lower for a more circular trajectory that 

includes motion in the perpendicular direction. 

The objective of this investigation was to determine whether the directional ratio can 

characterize the platform motion trajectory and thus the balance recovery movement in 

a meaningful and consistent way. The recovery performance of dominant single-leg and 

bipedal perturbation tests is similar, as it had been demonstrated for healthy and elderly 

diseased groups [70][90]. At the same time, it is supposed that different recovery 

movements are needed in the two stances, which may be indicated by a significant 
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difference in the directional ratio. This investigation aimed at proving this and has, in 

part, been published as [99]. 

3.4.2 Prior measurements with reference weights 

In order to better characterize the mechanics of the platform and the measurement 

setup, calibration measurements were carried out with dummy weights. Boxes of copier 

paper had been placed on the platform and the standardized perturbation was applied. 

These measurements provide reference values for the investigated parameters for 

masses of 12–80 kg. Details of the methods and results of these measurements are 

presented in the Appendix, Section 9.3. 

Based on the calibration measurements, it can be stated that a greater mass results in 

larger oscillation amplitudes, slightly slower oscillation frequency, and slower damping. 

For the current application, the range of masses to be considered is 50–80 kg. In this 

range, the frequency of the underdamped oscillation is 2–1.82 Hz, damping is 4.12–

4.51%, and the time to reach equilibrium is 4.12–4.51 s. Regarding oscillation 

frequency, our results are very similar to what was published by Müller et al. [7]. What 

is also of interest here is that even when the weights are placed carefully in the middle 

of the platform, due to the imperfections of the release mechanism and the structure, 

some oscillation or at least movement happens in the non-perturbed direction as well. 

This resulted in R values of 12.95–8.01. For detailed data, see the Appendix, Section 

9.3.3. 

3.4.3 Participants, procedure, and data collection 

3.4.3.1 Participants 

The investigation included 33 healthy young collegiate volunteers, of which 24 

participants (19/5 male/female, age: 22.8±1.3yrs, height: 175.3±76.6 cm, body mass: 

73.0±11.4 kg, BMI: 23.6±2.8) performed the sudden perturbation balance 

measurements successfully. All anthropometric data are reported in the Appendix 

(Section 9.4, Table 1). Candidate participants with any neurological alterations (e.g., 

cerebral apoplexy), uncontrolled hypertonia, unstable angina, vision correction greater 

than ±5.0 diopters, musculoskeletal alterations or the presence of muscle or joint pain 

were not included in this investigation. The tests were authorized by the Science and 

Research Ethics Committee of Semmelweis University (174/2005). Each volunteer 

provided informed written consent before taking part in the tests. 
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3.4.3.2 Procedure 

The measurement procedure was similar to the one previously described in [70]. 

Sudden perturbation provocation tests were performed with the free oscillating platform 

PosturoMed (Haider Bioswing, Weiden, Germany). In the present study, the device was 

set to its easiest level with four unlocked springs. The fastening apparatus locks the 

platform at a displacement of 20 mm from its resting position. 

 

Figure 8. Measurement setup. The PosturoMed device with unlocked provocation unit and reflective markers (a). The 

participant is positioned in a bipedal stance (b) and in a single-leg stance (c). 

First, the test participant adopts either a bipedal or single-leg stance on the platform 

(Figure 8b and Figure 8c, resp.). Then, the perturbation occurs when the fastening 

apparatus is released, resulting in a sudden lateral disturbance. One oscillation takes 

approximately 0.5–0.6 s with the four-spring setting (see Section 3.4.2). Next, the 

participant instinctively attempts to regain their postural balance. Because the device 

lacks significant damping and would freely oscillate, the balancing ability of the 

participant must act as a damping agent to decrease and eventually stop the oscillation. 

The standardized bipedal stance position involves standing barefoot at shoulder 

width above the middle of the measurement platform as indicated by the reflective 

markers and surface pattern of the platform; arms are hanging freely. The standardized 

single-leg stance position involves standing barefoot on the supporting leg in the middle 

of the measurement platform with arms hanging freely. The participant was instructed 

to raise the heel of the non-supporting leg until the calf is parallel to the ground and was 

told that the non-supporting leg is not allowed to come into contact with the supporting 

leg or the ground. The appropriate position and touching of the legs were self-monitored 

and continuously monitored by staff. The participants were instructed not to watch their 

motion but to look straight ahead. In addition, they were told they could hold on to the 

handrails only to prevent falling off the platform. Participants were allowed to briefly 
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familiarize themselves with the unstable platform while listening to further instructions. 

One or two unrecorded perturbation trials were allowed to alleviate participants’ fear of 

the procedure. Exclusion conditions that result in the rejection of a recorded trial 

included touching the guardrails with any body part or shifting the position of the 

supporting foot (feet). Note that the tests for the single-leg stance were carried out in a 

way that the initial platform motion at the start of the perturbation was towards the 

raised leg. This way, the perturbation was in the ML axis directed towards the 

supporting leg (see Figure 6). 

The objective was to obtain measurement data for three successful recoveries 

adopting the bipedal stance and three adopting the single-leg stance (for the side that 

achieved superior performance for the given participant, i.e., the dominant leg). 

Volunteers were allowed up to five trials using bipedal stance, right and left single-leg 

stance, in this order. Nine volunteers who did not perform three successful trials in 

either left or right stance were at this point excluded from the study. Thirteen 

participants met the required number in only one of the (left or right) single-leg stances. 

For them, the more frequently successful side was selected for analysis. Eleven 

participants met the three trials in both single-leg stances. For them, data of the side 

achieving a higher average damping ratio were selected. With regards to bipedal stance, 

all participants met the required number. 

3.4.3.3 Measurement methods 

The motion of the platform was recorded using an OptiTrack (NaturalPoint Inc., 

Oregon, USA) infra-red 18 camera motion capture system with passive reflective 

markers at a measurement frequency of 120 Hz. The accuracy of this measuring system 

is sub-millimeter [100]. The infrared markers were rigidly attached to the top of the 

platform (Figure 8a). Data were collected with the factory-built OptiTrack Motive:Body 

software. The system recorded the platform position along the x and y axes, where x is 

parallel to the perturbation (positive in the direction of perturbation), and y is the non-

perturbed direction in the horizontal plane (perpendicular to the perturbation and 

positive in the anterior direction) (Figure 6). The measurements were performed at the 

Department of Mechatronics at Budapest University of Technology and Economics, 

Hungary.  
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3.4.3.4 Parameters 

Personal and stance identifiers were noted for all trials. The calculated parameters of 

the measurements were the following: 

- Settling time of oscillation (in seconds): the time between the start of perturbation 

and reaching equilibrium as defined in Section 3.2.2; 

- Lehr’s ratio or damping factor (D, in percentage), calculated by the logarithmic 

decrement method, see Section 3.2.3; 

- Distance traveled in the perturbation direction (in millimeters), see Section 3.2.1; 

- Distance traveled in the non-perturbation direction (in millimeters), see Section 

3.2.1; 

- Directional ratio (R), as defined above (see Section 3.4.1, equation (7)). 

Note that the x-y notation stays the same irrespective of the relative orientation of the 

test participant on the platform; for lateral perturbations, Sx corresponds to the ML, Sy 

corresponds to the AP directions (Figure 6). 

3.4.3.5 Statistical analyses 

A within-subject study design was adopted. Statistical methods were applied using 

IBM SPSS 23 (IBM, New York, USA). The unusual case finder tool was used to 

identify potentially anomalous data points. First, calculated variables (D, R) were 

examined by descriptive measures, and the normality of distributions was assessed with 

the Shapiro-Wilk test. In order to compare single-leg and bipedal stance balance 

recoveries within-subjects, a Friedman test was conducted (because of non-normal 

distribution and repeated-measures setup) with a significance level of 0.05 applied. This 

was followed by a post-hoc Dunn-test with Bonferroni correction to examine pairwise 

comparisons. 

3.4.4 Results 

The required number of successful recoveries (three in the same single-leg and three 

in bipedal stance) was achieved by 24 participants, and these records were selected for 

analysis (72 single-leg, 72 bipedal stances). Descriptive statistics for all variables are 

given in the Appendix (Section 9.4). Boxplots grouped by stance type and sequence 

number for D and R are displayed in Figure 9 and Figure 10, respectively. For the group 

studied, interquartile ranges of D overlapped notably (Figure 9), while interquartile 



41 

ranges of R were more disjoint for both stance types (Figure 10). This was even more 

prominent in confidence interval values (see Appendix, Section 9.4, Table 2). 

 

 

Figure 9. Boxplot of Lehr’s damping ratio values for single-leg and bipedal stance (three attempts each) 

 

Figure 10. Boxplot of directional ratio values for single-leg and bipedal stance (three attempts each) 

Visualizing the results on an R-D scatter plot (Figure 11), each data point represents 

a successful balance recovery test. The horizontal position of a data point corresponds 
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to the trajectory shape as a lower directional ratio indicates a trajectory with more 

motion perpendicular to the perturbation. The vertical position of a data point 

corresponds to the effectiveness of balancing as a lower Lehr’s damping ratio indicates 

weaker balancing capacity. 

 

Figure 11. Scatter plot of damping and directional ratio 

The Shapiro-Wilk test indicated that two of the total 12 variables were of non-

normal distribution, which suggested the use of a non-parametric test for the 

comparison of expected values. The Friedman test showed that comparing balancing 

effectiveness; there was no significant difference between D values (χ2(5) = 3.987, 

p = 0.551). Comparing platform trajectories, there was a significant difference between 

variables of R (χ2(5) = 68.635, p < 0.001). Post-hoc Dunn tests revealed that there was 

no significant difference amongst single-leg or bipedal recoveries considering R values 

in a pairwise comparison. All pairwise comparisons between single-leg and bipedal 

recoveries showed a significant difference (p = 0.002 or lower) (see Appendix, Section 

9.4, Table 16). Mean ranks are presented in the Appendix (Section 9.4, Table 17). The 

boxplot (Figure 10) shows that this difference means single-leg recoveries had lower R 

values than recoveries in the bipedal stance.  

3.4.5 Discussion 

Evaluation measures of the perturbation test include performance measures such as 

the balance index [7], the time of balancing [3], and Lehr’s damping ratio [70]. The 
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newly defined directional ratio characterizes platform motion trajectory [98] and thus 

the recovery action itself. In essence, our study found that platform trajectories differ 

between single-leg and bipedal stance recoveries while reaching similar performance 

levels in a healthy, young adult population. 

It may be useful to compare the numerical results of the perturbation tests with the 

calibration measurements performed with weights (see Appendix, 9.3.3 for numerical 

values). Based on these values and the body mass of the participant group, the expected 

range was approximately 4.3–4.4% for D and 8–9 for R. Comparing the participant 

group’s results (Figure 11) with the calibration values, it can be stated that the majority 

of balance recoveries achieved a higher damping value. This shows that the body’s 

efforts truly aid in recovering balance more quickly. Regarding platform trajectory, the 

calibration R value is in the middle of the range for bipedal stance, while the majority of 

the single-leg stance recoveries scored a markedly lower R value, showing that indeed 

the body’s efforts cause displacements in the AP direction. 

The finding that multiple single-leg recoveries scored statistically similarly (values 

of D and R) means that repeating the perturbation test 3–5 times did not affect the 

measured parameters; the same can be stated for bipedal recoveries. This is in 

agreement with previous studies about intra-test repeatability [72][70][88]. The 

Friedman test showed no significant difference in damping between single-leg and 

bipedal recoveries (χ2(5) = 3.987, p = 0.551). Earlier, the same was observed for a group 

of elderly participants [90]. At the same time, significant differences (p ≤ 0.002) were 

found in the directional ratio for all pairwise comparisons between single-leg and 

bipedal stances. This suggests that the two different balancing tasks can be performed 

with similar effectiveness but reaching this effectiveness requires a different recovery 

action. 

The R-D plot (Figure 11) represents the interaction between balancing effectiveness 

and platform trajectory, which allows for the analysis of balance recovery action and 

effectiveness simultaneously; in this study, by comparing single-leg and bipedal 

stances. The R-D plot (Figure 11) shows that without the use of R, the two distributions 

could not be differentiated. The boxplot (Figure 9) shows that for D, the interquartile 

range of bipedal recoveries completely overlapped with single-leg recoveries (D = 4.3–

7.5%), while the total minimum-maximum range for single-leg stance was far larger 

(D = 1.7–13.5%). The interesting finding here is that when looking at an individual 

single-leg recovery action, it can either succeed at completing the task but fail to reach 
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the same effectiveness, succeed at completing the task and reach the same effectiveness, 

or even exceed the effectiveness of bipedal stance recoveries. 

Considering single-leg recoveries that failed to reach the effectiveness of the bipedal 

stance (D < 4%), these attempts tended to score lower R values (R < 5.5) (Figure 11). 

Inspecting the platform trajectory shows that these had a circular nature; an example is 

shown in Figure 7b. This suggests that in such cases, a more elliptical trajectory was 

adopted to make the balance recovery possible rather than increase its effectiveness. 

Considering recoveries with similar D scores (4%–8%), single-leg recoveries had 

notably lower R values (R < 4) (Figure 11). This means that to reach similar 

effectiveness, single-leg recoveries need to be performed with a more circular 

trajectory. 

It is noteworthy that single-leg recoveries could outperform bipedal recoveries in 

terms of damping (D > 8%), consequently resulting in faster balance regain while 

scoring lower than bipedal R values (R < 8). Here, the lower R value indicates not only a 

more elliptical trajectory. A visual inspection of the corresponding platform trajectories 

reveals that these balancing actions quickly turn the initial ML perturbation into 

dominantly AP-directed oscillation (an example is presented in Figure 7d). This ML-AP 

changing pattern was a rare observation in the participating group, and the ability to 

perform this recovery action may indicate superior balancing capacity. Thus, this 

motion pattern is a candidate for being selected as a positive diagnostic marker.  

Our study verified that recovering balance after a sudden perturbation test is 

different (significant difference in R) in the two stances even if the achieved 

performance is similar (no significant difference in D). Based on this, rehabilitation 

protocols should include balance training for both single-leg and bipedal stances. It 

follows that evaluation of test results should utilize performance and motion 

characteristic parameters simultaneously for both stances, easily visualized by an R-D 

plot. Based on the results shown in Section 3.4.4, the different areas on the R-D plane, 

i.e., different combinations of low and high damping ratios and directional ratios, tend 

to exhibit distinctive motion characteristics. This is visualized in Figure 12. 
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Figure 12. Distinct observable balance recovery motions placed on the R-D plot 

A limitation of this investigation is that balance recovery actions were analyzed only 

in a young, healthy group; the group was also mixed regarding gender. Other 

populations with specialized balancing skills should also be investigated to explore 

different balance recovery strategies. 
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3.5 Main contribution 2: characterizing balance recovery 

Based on the investigation presented in Section 3.4, the following answer can be 

given to Research question 2: 

Considering the sudden perturbation test on the horizontally oscillating 

platform, let the following term define the directional ratio: 

 𝑅 =
𝑆𝑥

𝑆𝑦
 , 

where  Sx is the traveled path of the platform in the perturbation direction, and Sy 

is the traveled path of the platform in the direction perpendicular to the 

perturbation. The balance recovery strategy can be characterized by coupling 

together the platform trajectory, as quantified by the directional ratio, and the 

effectiveness of the balance recovery, as quantified by the damping ratio. The 

directional ratio shows a consistent difference for lateral perturbations between 

bipedal and unipedal stances in the healthy young population, even when the 

effectiveness of balance recovery is similar. 

 

Related own publications: [P2-P8] 

Regarding the practical applications of this contribution, further research avenues 

are opened utilizing the directional ratio of the platform motion. Several different 

balance recovery motion strategies could be found using the mode of execution (as 

characterized by the platform’s path) together with the effectiveness of the balance 

recovery (as characterized by the damping factor). The applied balance recovery 

strategies may depend on stance types and the balancing capabilities of the participant. 

This methodology might reveal whether a training protocol improves balancing 

performance, changes the recovery action, or achieves both. 

The improved methodology was presented to a biomechanics audience [P4] and 

orthopedic doctors and clinicians [P3]. The effects of the perturbation direction, i.e., the 

difference between balance recovery following medio-lateral and lateral-medial 

perturbations have also been investigated [101][P6]. 

A slightly modified and improved directional ratio was investigated in healthy, 

young participants [P10, P11] to compare joint works in the different directions with the 

resulting platform motion; for details of this investigation, see Section 4.6. The 

modified directional ratio was also applied in an investigation including young 

basketball players [P7]. The aim was to explore the connection between principal 
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movement elements (visualized via principal component analysis on marker 

displacement data) exhibited during the balance recovery motion and the resulting 

effectiveness of balancing and platform motion trajectory. 

Adult figure skaters had also been investigated [102][P2]. The group included nine 

males and 12 females. The mean age was 28.1 (±4.9) years; the mean body weight was 

60.6±9.5 kg. The results showed that the directional ratio is uncorrelated with the 

damping ratio, and thus it may contain new information. Another investigation included 

young sailor athletes and age-matched control [103], examining the effects of visual 

feedback (eyes open or closed conditions) and the spring settings of the PosturoMed 

platform (4 or 8-spring setting).  

Most of the cited investigations utilized only platform motion tracking since this is 

the most widely available data acquisition method in clinical practice. To identify 

balance recovery strategies, partial or full-body motion capture would be applicable to 

characterize the motion of the body. Surface electromyography could also be used to 

better characterize the associated neuromuscular regulatory mechanisms. 
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4 Open kinematic chain models of the human body 

This chapter introduces the open kinematic chain models of the human body and 

raises Research question 3 on the validity and applicability of such models. Next, our 

double-pendulum model is proposed (Section 4.4), followed by two investigations: one 

regarding the validation measurements (Section 4.5), the other regarding the utility and 

applicability of the model (Section 4.6), resulting in Main contribution 3 (Section 4.7). 

4.1 Balancing strategies and biomechanical models 

It is well established in the literature that balancing involves several common 

coordination strategies. In standing balance, the ankle-hip strategy approach 

distinguishes three strategies, i.e., the ankle-dominant, the hip-dominant, and the ankle-

hip mixed strategies [97]. The ankle strategy primarily appears for AP tasks; muscles of 

the ankle and the shank start activation, and the entire body rotates around the ankle’s 

axis approximately as a single rigid link [56][2]. The hip strategy primarily coordinates 

the body into two relatively rigid links, i.e., the lower and upper bodies. One segment 

produces leans in one direction, and the other segment a countermovement by leaning in 

the opposite direction. The hip strategy is dominant in ML tasks [54], especially in 

shifting the COM in the ML direction; however, the hip is also used in large-amplitude 

AP tasks. 

As mentioned previously in Sections 1.3 and 2.2, postural assessment either focuses 

on COP or COM control and needs to monitor one or both of these. COP models are 

most widely used, while segmental models that estimate COM are used much less [9]. 

Estimation of COM is based on two approximations. First, a number of body segments 

are considered to comprise the body as rigid segments. Secondly, these segments are 

connected via joints in a kinematic chain. The applied biomechanical model is chosen 

regarding the studied strategies to be detected, e.g., to show the presence of the ankle 

strategy or another coordination pattern for a specific movement. 

Notably, most kinematic chain models are restricted to a single plane (either AP or 

ML, see Figure 13), and few studies model the body in all directions to investigate 

coordination [9]. Sagittal plane models are the most popular (Figure 13, right). Most 

often, these consider the base of support as a stability limit, or these are applied as well 

to calculated torques in the joints that are modeled in the sagittal plane [104]. Frontal 

plane models are typically employed to examine weight shift and distribution amongst 
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the two legs in a bipedal stance (Figure 13, left) – see [105] as an example. More 

complex mechanical models of the human body (multi-segmental models) have been 

developed as well. In this case, the aim is to represent each body segment and, more 

importantly, to estimate joint torques via inverse dynamic calculations [104] [106]. 

Why the restriction to a single plane? Most balancing tasks and devices in use 

provide motion constraints [8], and it is assumed that the resulting movement will also 

be dominantly in the free direction(s), and thus, researchers typically restrict motion 

data recording and analysis to these directions (Figure 13). For example, consider that 

when the balancing task was standing on an AP seesaw that allows only forward or 

backward rotary motion, only motion in the AP plane would be recorded – for example, 

see [107]. On the other hand, the difficulty of the balancing task might be low enough to 

elicit such simple responses that may be captured by simpler models, e.g., COP or 

simple pendulum models for quiet stance. Such simplifications may seem economical. 

However, this is a limitation as it removes the possibility to analyze any interplay 

between the different spatial dimensions that the human body naturally might use, 

especially near the limits of stability or in the case of difficult balancing tasks [99].  

 

Figure 13. Examples of an ML (left) and AP (right) balancing task and corresponding models 

We have shown that this interplay between the directions is relevant for perturbed 

stance (see Section 3.4 and [98][99]), and we have suggested two possible aims of 

utilizing the perpendicular direction. One aim is that in the case of superior balancing 

ability, motion in the perpendicular direction increases balancing efficiency and thus 

quickens the return to the stable position. The other way that perpendicular motion 
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might be utilized is when the task or the adopted body position, e.g., the UP stance, is 

relatively difficult to negotiate for the participant. For this reason, they complement the 

otherwise dominantly sideways motion in the other direction. We have suggested that 

this behavior aims at increasing the chance of successful balance regain in a problematic 

situation [99].  

In their seminal work, Hof et al. [108] stated that simply projecting the COM 

vertically to the ground and comparing that to the base of support (BOS) limits to 

determine stability may be sufficient for static stability. However, this condition is not 

sufficient for dynamic stability when there is considerable velocity at play. Looking at 

the BOS as the stability limit, the margin of stability is the distance of the projected 

COM to the BOS limit in the direction of motion. However, this distance is further 

reduced by a term arising from the velocity towards the limit [108]. It follows that as the 

COP moves closer to the limit of stability (the limit of the base of support), the nervous 

system may instinctively try to increase the margin of stability by way of redirecting the 

vector of the momentum of the COM away from the limit. In order to capture this co-

ordinational effort, a biomechanical model is needed that is capable of capturing the 

motion in the perpendicular direction and also the active joint torques that arise to 

execute such maneuvers. 

4.2 Mechanical models in robotics 

The most prominent topologies of rigid body systems are the serial chain and the 

fully parallel mechanisms. In a serial chain, the individual rigid bodies (links) are 

connected to exactly two other links, except for the first link that is connected to the 

ground or reference frame and for the last link, which has a free end. Parallel 

mechanisms contain at least two links connected more than once via other links [109]. 

The foundational premise of the D-H convention is that by assigning reference 

frames to each of the rigid body links accordingly to the convention, it is possible to 

describe the pose, i.e., the links' location and orientation using only four parameters. 

The Khalil-Dombre modifications pertain to the assignment of indices and axes 

directions [110]. The advantages of the D-H convention arise from the ease of 

formulation and the straightforward derivation of the equations of motion; this process 

can be done algorithmically. 
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4.3 Research question 3: biomechanical model for standing dynamic 

balancing 

RQ3: Can a conventional open-chain kinematic model of the standing human 

body describe motion and estimate joint torques accurately to detect balancing 

strategies? 

As shown above and in Section 3.4 for the perturbation tests, the interplay between 

the perturbed and non-perturbed directions is significant in the case of perturbed 

standing. For this reason, we proposed studying the application of an open chain model 

that specifically considers all spatial dimensions and is easy to construct, using the 

Denavit-Hartenberg convention. 

Considering the human body in an upright stance, the lower body, i.e., the lower 

extremities and their connection at the hip level via the pelvis, can be regarded as a 

parallel mechanism. The upper body continues as an open, serial chain link. A possible 

simplification is to consider the lower body as a single serial chain, e.g., when the 

extremities are touching each other and move together, thus acting as a single link. 

Using this simplification, we limited the scope of our investigation to a two-link chain 

with four DoF, creating a double-pendulum (DP) model of the human body. 

The following sections detail our investigation regarding the model. The DP model 

is introduced in Section 4.4. An investigation involving validation measurement of the 

model for standing balancing is presented in Section 4.5. Then, an investigation into the 

applicability of the double-pendulum model for the sudden perturbation test is presented 

in Section 4.6. 

4.4 The double-pendulum model 

The DP model was formulated according to the modifications of Khalil and Dombre 

to the D-H convention [110], which are briefly demonstrated in Section 4.4.1. The DP 

model is proposed in detail in Section 4.4.2. Finally, Section 4.4.3 shows the derivation 

of the equations of motion to obtain the joint torque formulae. 

4.4.1 The applied Denavit-Hartenberg convention 

The D-H convention is based on homogeneous coordinate transformations between 

the successive reference frames. Several modifications have been proposed to the D-H 

model pertaining to selecting frames, axes, and indexing. The Khalil-Dombre 

modification [110] has the following rules regarding the reference frames: 
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• Link 0 is the ground; Links 1, 2…n are moving links, 

• Joint i connects link i-1 and link i, 

• the zi axis is located along the axis of joint i, 

• the xi-1 axis is located along the common normal between zi-1 and zi axes. 

This way, the relative location of two consecutive frames requires only four 

parameters: 

• the link length (ai) is the distance of zi-1 and zi along xi-1, 

• the link twist (αi) is the angle from zi-1 to zi around xi-1, 

• the joint offset (di) is the distance of xi-1 and xi along zi, 

• the joint angle (θi) is the angle from xi-1 to xi around zi. 

Figure 14 illustrates the reference frame locations and the parameters for a 

generalized case. 

 

Figure 14. Schematic of the convention for the reference frames in the Khalil-Dombre modifications to the D-H 

convention; image source [109] (with permission) 

 

Two of these are geometric parameters: the link length (a) and the link twist (α); the 

other two are joint parameters: the joint offset (d) and the joint angle (θ). Among the 

joint parameters, the joint offset is modified through translation in a prismatic joint, 

while the rotation of a revolute joint changes the joint angle. 
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With these conventions, the transformation between successive reference frames 

consists of two rotations and two translations such that 

 𝐓𝑖
𝑖−1  = 𝐃𝑅(𝑥𝑖−1, 𝛼𝑖) 𝐃𝑇(𝑥𝑖−1, 𝑎𝑖) 𝐃𝑅(𝑧𝑖, 𝜃𝑖) 𝐃𝑇(𝑧𝑖, 𝑑𝑖) (8) 

where  

 𝐃𝑅(𝑥𝑖−1, αi) = [

1 0 0 0
0 cos 𝛼𝑖 − sin 𝛼𝑖 0
0 sin 𝛼𝑖 cos 𝛼𝑖 0
0 0 0 1

], 

 

 𝐃𝑇(𝑥𝑖−1, ai) = [

1 0 0 𝑎𝑖

0 1 0 0
0 0 1 0
0 0 0 1

], 

 

 𝐃𝑅(𝑧𝑖, θi) = [

cos 𝜃𝑖 − sin 𝜃𝑖 0 0
sin 𝜃𝑖 cos 𝜃𝑖 0 0

0 0 1 0
0 0 0 1

], 

 

 𝐃𝑇(𝑧𝑖, di) = [

1 0 0 0
0 1 0 0
0 0 1 𝑑𝑖

0 0 0 1

]. 

This yields a single transformation matrix between two consecutive reference 

frames: 

 𝐓𝑖
𝑖−1  = [

cos 𝜃𝑖 − sin 𝜃𝑖 0 𝛼𝑖

sin 𝜃𝑖 cos 𝛼𝑖 cos 𝜃𝑖 cos 𝛼𝑖 − sin 𝛼𝑖 − sin 𝛼𝑖 𝑑𝑖

sin 𝜃𝑖 cos 𝜃𝑖 sin 𝛼𝑖 cos 𝛼𝑖 cos 𝛼𝑖 𝑑𝑖

0 0 0 1

] (9) 

 

4.4.2 The proposed double-pendulum model 

The proposed model (Figure 15) consists of a lower-body link (shanks and thighs) 

and an upper-body link (pelvis, trunk, arms, neck, and head) with four single revolute 

DoF joints. Joints 1 and 2 allow lateral and frontal rotation in the ankle, respectively; 

Joints 3 and 4 allow lateral and frontal rotation in the hips, respectively. Thus, this 

model is an inverted double pendulum model (DP model). 
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Figure 15. Double pendulum model for the balancing human body. 

The first reference frame (x1, y1, z1) coincides with the global reference (x0, y0, z0) in the initial condition. 

Feet and hands can be modeled as mass points; left and right shanks and thighs as 

two-two cylinders each; trunk-pelvis and neck-head as one cylinder each. Weight, 

inertia, and center of mass values are calculated for body segments (foot, shank, thigh, 

lower-, upper-, middle-trunk, head, upper arm, lower arm) based on proportional values 

of total body mass and height from the literature [111]. The respective body segments 

for the two DP links are summed up to obtain the link's final inertial properties in 

question. Specifically, the first (lower) link constitutes the shanks, the thighs, and the 

lower trunk; the second (upper) link constitutes the middle trunk, the upper trunk, the 

head, the upper arms, and the lower arms. 

A key issue is the simplification at the ankle joint level. It is assumed that in the 

modeled position (upright standing), the actual ankle joints will be close to each other 

and thus rotate together. Consequently, the ankle joint is modeled at the midway point 

of the actual ankles as a single point with a static position relative to the ground 

reference. At the same time, this implies that the rotational axis will stay at the midway 

point of these. However, lateral rotation of the lower body is induced by two 

mechanisms, i.e., the invertor/evertor torques from the ankle muscles and the 
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load/unload mechanism from the load shift between the two feet. If the load shifts from 

the center towards one of the ankles, this may lead to an ML shift in the position of the 

rotational axis itself. 

4.4.3 Derivation of the equations of motion 

The proposed model (Figure 15) includes four revolute joints, i.e., it is a 4R chain. A 

4-joint serial chain has transformations such that 

 𝑇4
0  = 𝑇1

0 𝑇2
1 𝑇3

2 𝑇4
3  (10) 

where the 0th reference frame is the global frame. Figure 15 shows the reference frames, 

i.e., the coordinate systems of the model, and the geometric parameters of the DP-model 

are shown in Table 6. The generalized coordinates pertaining to the revolute joints are 

denoted by qi.  

 

Table 6. Geometric parameters of the DP-model 

joint αi θi ai di 

Joint 1 0 q1 0 0 

Joint 2 - π/2 q2 0 0 

Joint 3 π/2 q3 Lleg 0 

Joint 4 - π/2 q4 0 0 

 

Since we aim to apply this model to recorded motions, the inverse kinematic and 

inverse dynamic calculations are of interest. In our case, the reference frames' positions 

(the joints) are recorded, e.g., via a motion capture system. For this reason, inverse 

kinematics calculations are different from a robotics application; we can easily calculate 

the joint angles with trigonometric formulas. 

The D-H convention's key advantage is that the formulation of the inverse dynamic 

calculations, i.e., the estimation of the joint torques, is algorithmically straightforward. 

The kinetic and potential energies are formulated as a function of the joint angles. 

Lagrange equations of the second kind are then formulated to obtain the equations of 

motion for each joint, giving the calculated joint torque for each time frame. 

The kinetic energy: 

 𝑇𝑘𝑖𝑛  =
1

2
�̇�(𝑡)𝑇𝐌tot�̇�(𝑡) (11) 
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where the mass matrix Mtot is a summation of the two links’ mass matrices, which in 

turn are a summation of a matrix from the mass and a matrix from the inertia, e.g., for 

the first, lower link: 

 𝐌low  = 𝐌low,mass + 𝐌low,Θ = 

 = 𝑚𝑙𝑜𝑤 ⋅  𝐉𝑣,low
𝑇 ⋅ 𝐉𝑣,low +  𝐉𝜔low

𝑇 ⋅ 𝚯low ⋅ 𝐉𝜔low
 (12) 

 

where the J matrices are the Jacobians defined as: 

 𝐯 = 𝐉(𝐪) �̇� (13) 

 

The potential energy: 

𝑈pot = 𝒈 ⋅ (𝑚low 𝐓2(𝐪) 𝐫𝐶𝑂𝑀,low
local0 + 𝑚𝑢𝑝 𝐓4(𝐪)0  𝐫𝐶𝑂𝑀,up

local ) = 

 = 𝒈 ⋅ (𝑚low𝐫𝐶𝑂𝑀,low

global (𝑡) + 𝑚𝑢𝑝𝐫𝐶𝑂𝑀,up

global (𝑡)) + 𝑐𝑜𝑛𝑠𝑡 (14) 

The Lagrangian function: 

 𝐿 = 𝑇kin − 𝑈pot (15) 

 

Then, the joint torques are obtained via Lagrange equations of the second kind 

 𝜏𝑖 =
d

d𝑡

𝜕𝐿

𝜕𝑞�̇�
−

𝜕𝐿

𝜕𝑞𝑖
 (16) 

 

Which, in our case, further gives: 

 𝜏𝑖 =
d

d𝑡

𝜕𝑇kin

𝜕𝑞�̇�
−

𝜕𝑇kin

𝜕𝑞𝑖
+

𝜕𝑈pot

𝜕𝑞𝑖
 (17) 

Thus, it is possible to obtain numerical formulae to calculate the joint torques for 

each time point. For brevity, these joint torque formulae are omitted. These are rather 

long solutions containing the general coordinates (i.e., the joint angles) in trigonometric 

functions on the first or second power. 
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4.5 Validation of the double-pendulum model 

In order to validate the torque estimation proposed double-pendulum model (see 

Section 4.4), I carried out validation measurements on an inhomogeneous group of 

healthy adult participants. This investigation has partly been published in [112]. The 

validation's basic premise was to compare the indirectly measured torques with the 

model estimated torques arising at the ankle level. To obtain standardized, repeatable 

balancing motion, the participants performed a visually guided balancing task, which 

provided visual feedback on their estimated COM position. The visual balancing task 

was chosen to obtain comparable yet complex standing balancing motion in multiple 

directions, including higher and lower velocity movements. Displaying the same task in 

all measurements, the repeated measurement results would be comparable and allow for 

both within-subject (between repetitions) and between-subject comparisons. 

Some considerations must be made about the expectations of the values and the 

estimated errors. First, let us consider the expected values of the ankle torques. The AP 

ankle torque is expected to oscillate around a positive value in a normal upright stance, 

while the ML ankle torque is around zero. Second, the indirectly measured torque is 

calculated from the measured ground reaction force vector (the COP) and the ankle joint 

position that is estimated as the midway point between the measured real ankle 

positions. This assumes the actual rotational axis point is the same as this midway point 

and is a static point since the standing balance measurement is carried out while 

standing in place. A static calibration error of the joint position would cause a static, 

offset-type error. 

4.5.1 Materials and methods 

4.5.1.1 Participants, measurements, and protocol 

In accordance with the goal of this investigation, an inhomogeneous participant 

group was recruited. Eleven women (22-52 years) and 11 men (22-61 years) 

participated; see Table 7 for anthropometric data. Exclusion criteria were vision 

correction greater than ±5.0 diopters, musculoskeletal alterations or the presence of 

muscle or joint pain. 
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Table 7. Anthropometric data for the participant group 

women 

age 32 36 37 25 23 24 52 40 48 22 24 

body height 

(m) 

1.83 1.72 1.81 1.68 1.67 1.77 1.62 1.74 1.69 1.56 1.69 

body mass (kg) 63 62 67 60 79 63 75 66 76 71 63 

BMI 19 21 20 21 28 20 29 22 27 29 22 

men 

age 28 27 27 42 59 26 46 34 61 22 31 

body height (m) 1.96 1.82 1.76 1.78 1.88 1.83 1.73 1.77 1.69 1.83 1.92 

body mass (kg) 76 80 88 114 92 78 56 82 73 132 89 

BMI 20 24 28 36 26 23 19 26 26 39 24 

 

To fully describe the body’s movement in the spatial domain, only three points have 

to be tracked, as shown in Figure 15, i.e., a point at the ankle, at the hip, and at the head. 

To achieve this, the participants were equipped with three retro-reflective marker 

clusters that were tracked by an 18 infra-red camera motion capture system (OptiTrack, 

NaturalPoint Inc., Oregon, USA) at a sampling rate of 100 Hz. Marker clusters were 

placed on the lower right shank, above the sacrum, and on the head, applied with a strap 

(Figure 16). The tracked marker clusters' pivot point was set manually to each 

participant's estimated joint axis midpoints. The lower joint position was set to where 

the ankles touched each other, or in the case of genu valgus, to the midpoint between 

the two medial malleoli. There was only a technical reason for setting the shank marker 

cluster’s pivot point as the ankle joint position, i.e., the visual feedback system required 

streamed, real-time data. However, during preprocessing, the ankle positions were set to 

the average measured position as a static value since participants were instructed not to 

move their feet during the measurement. The middle joint position point was set as the 

sacrum marker cluster's pivot point, specifically to the midpoint between two calibration 

markers placed on the trochanter majors. The upper tracked point was set to the apex of 

the head, in the plane of the ears, in the middle.  

The motion capture system broadcasted the tracked pivot points as joint positions to 

a custom-made visual software for the visual balancing task. The same anthropometric 

proportional data [111] used for the double-pendulum model was applied here to 

estimate the COM of the lower- and upper bodies, which were then summed up 

proportionally. The estimated full-body COM-position in the horizontal plane was then 

visualized as a cursor to be moved (Figure 17). 
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Ground reaction forces were measured by a single P6000-type force platform (BTS 

Bioengineering S.p.A., Italy). The platform can measure reaction forces in all three 

spatial dimensions with a precision of 1 N. The sampling frequency was set to 1 kHz. 

Participants stood in the middle of the platform, wearing only socks. 

 

Figure 16. Measurement setup (left, arrows indicate markers) and visual balancing task (right). 

The targets are shown here together; numbers indicate the order of appearance 

 

Figure 17. Example of a balancing task execution; targets are shown here together but appeared sequentially during 

the actual measurement 
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The protocol for the motion recordings was as follows. After applying the marker 

clusters, the participants were asked to stand in the middle of the force platform, ankles 

and toes touching, arms kept at their sides, approximately 1.2 m away from a computer 

display ((Figure 16). Participants were then presented with the visual balancing task to 

familiarize themselves with the program. Their COM was displayed without noticeable 

delay as a red dot on the screen. The dot moves up and down as the COM is moved 

forward and backward, respectively, and left to right with sideways COM motions. 

They were instructed that blue circles (targets) would appear, one at a time, and their 

task was to reach the middle of each target circle as fast as possible and stay within the 

circle afterward. They were not allowed to move their feet during a trial, and their arms 

had to be kept in contact with their sides.  Each circle was displayed for 3.5 s, after 

which a new one appeared. The circles' sequence was generated randomly beforehand 

and fixed during the measurements for all participants and trials. One sequence lasted 

60 s, after which a 60 s break was included when the participant had to step off the 

platform and move about the room. The task was repeated three times. 

4.5.1.2 Data processing 

After exporting the motion capture and the force platform data, all post-processing 

was carried out in Matlab. The force platform data were decimated to match the 

measurement frequency of the motion data. The indirectly measured ankle torques (T) 

were calculated as the cross-product of the ground reaction force vector and the moment 

arm between the force vector’s point of attack and the ankle joint axis point. 

Consequently, if the ankle's measured position, calibrated to the midway point of the 

two ankles, has a static position error, that would cause a static, offset-type error in the 

measured torque. 

In order to minimize the calibration position errors, it was first assumed that in the 

initial, normal upright stance, the loadings of the feet would be equal, meaning zero ML 

ankle and hip torque. Based on this assumption, the ML positions of the tracked points 

(ankle, hip, and head) were offset in the ML direction with the mean value of the first 

two seconds of the recording. It was also assumed that the COP would be anterior to the 

ankle axis in the initial stance since normally, a plantarflexion torque at ankle level 

maintains balance against the toppling torque. For this reason, we could not use an 

offset step for the AP positions; instead, the torque values were offset to zero mean. 
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To obtain the model-estimated ankle torques, the offset joint positions were first 

converted into joint angle values (Q) using trigonometric functions, which were then 

smoothed, and angular velocities and accelerations were obtained by numerical 

derivation. Then, the double-pendulum model's equations of motion were applied for 

each time frame to obtain the estimated joint torques for all four modeled joints. Finally, 

the AP ankle and hip torques were offset to zero mean. 

To validate the model, we compared the time traces of the measured and modeled 

torques and calculated the error torque. We specifically considered the errors in absolute 

values as offset-type errors (error as a shift) and variance-type errors (errors in shape). 

As quantitative error metrics, we calculated the (RMSE) (root mean square error) 

normalized by the interquartile range (the range between the first and third quartiles) to 

determine the goodness of fit in absolute values and the R2 (coefficient of regression) to 

determine the goodness of fit for the signals' shape. Finally, we analyzed the effect of 

different body types by comparing the correlation between the error metric results and 

the anthropometric data. 

4.5.2 Results 

The 22 participants who successfully finished the tasks produced 66 motion records 

altogether. As expected, the AP ankle torque moved around a positive mean value, 

while ML ankle torque values moved around the zero-mean value. An example is 

shown in Figure 18. For the group, the AP ankle torque offset error had a median of 

9.48 Nm with an interquartile range of [4.73, 16.71] Nm, which corresponds to 

percentage values of 23.33% median with an interquartile range of [11.62%, 51.95%]. 

This means that the estimated AP ankle torque was typically greater than the measured 

one. Note that in the following, AP torques were offset to have zero mean to allow for 

better comparison of the signal shapes. 
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Figure 18. Exemplar data for one recording: joint angles and torques 

 

Visual inspection showed an excellent match for the shape of the torque traces. The 

shape of the error torque trace showed that the error is primarily only noise with zero 

mean (Figure 19). A possible source of the peaks and the shape of this noise might have 

been the small time shifts in the two traces due to numerical errors and shifts caused by 

the filtering. This enhances the errors where the rate of change in torque values is high. 

However, the signal characteristics were well preserved. 
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Figure 19. Example of estimated and measured torques and the error traces. AP torques were offset to zero mean. 

 

The entire group's error metrics are shown in Figure 20. The R2-values were 

excellent (R2 > 0.90) in 64 out of the 66 cases (97%) for AP torques and 58 out of the 

66 cases (88%) for ML torques. Normalized RMSE values were dominantly under the 

0.35 value with some outliers. 

 

 

Figure 20. Error metrics for the remaining error after corrections (scaling and offsetting) 
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Comparing the error metrics with anthropometric measures (Figure 21), the R2 

showed no evident connection with age, body height, body mass, or BMI. 

 

 

Figure 21. Correlation of RMSE with anthropometric data 
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4.5.3 Discussion 

This investigation aimed to compare the model-estimated and the indirectly 

measured torques for an anthropometrically diverse group of participants. We obtained 

the model-estimated torques from the motion capture data via inverse dynamics 

calculations, while the indirectly measured torques were obtained from a simple 

calculation using the force platform and the ankle axis position data. 

The match in signal shape was excellent in both directions, supported by the very 

high R2 values (Figure 20). As such, it can be stated that the model estimated the torque 

traces superbly. Regarding the absolute values of the torque, the possible offset errors 

arose only from the inaccurate calibration of the rotational axis. This was successfully 

mitigated for the ML torques via offsetting the ML positions of the tracked points. 

However, this was not viable for the AP direction since offsetting these positions would 

change the natural standing posture, thus changing the model's dynamic properties. The 

offset errors caused the AP ankle torque typically to be 11.6%–51.95% greater than the 

measured torque, which is a substantial amount. A possible approach to minimize 

calibration errors is to track multiple points around the points of interest and then 

calculate a weighted sum. However, modifying the measurement setup this way may 

not be viable. Considering this, an approach may be taken where the joint torques are 

decomposed into a static, neutral component and an active control torque. Then, the 

estimated ML and AP control torques would be correct in shape and close to the actual 

values as well. 

A limitation of this investigation is that only a single force platform was used to 

measure ground reaction forces. Further measurements using two force platforms, 

standing on one with each foot, would offer the benefit of capturing the shifting load 

between the feet that could help in determining how this influences the rotational axis. 

An additional hurdle in the validation process is that while a major advantage of the 

model is that it estimates torques for all joints, the hip torques cannot be validated via 

measurements. 
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4.6 Application of the double-pendulum model during balance recovery 

assessment 

In this investigation, we aim to demonstrate the utility of a four DoF, two-link 

double pendulum (DP) model of the human body as proposed in Section 4.4. We aim to 

demonstrate that this approach is able to determine the balancing strategy (see Section 

4.1) that was used to recover standing balance in a sudden perturbation test and how the 

model estimates the contribution of these major joints. Since validation of the torque 

estimation has not been carried out for standing on an unstable surface, this 

investigation considers only the proportion of torques and derived parameters (i.e., joint 

work). Furthermore, our goal is to detect the correlation between the ratio of joint 

contribution in the different directions and the directional ratio of the resulting platform 

motion. This investigation has been published in part in [113]. 

4.6.1 Materials and methods 

4.6.1.1 Study participants and balance measurement protocol 

Eleven young, healthy collegiate participants (9M/2F; age: 22.8±1.7yrs, height: 

179±11cm, body mass: 80.6±19.9 kg) were recruited; exclusion criteria were vision 

correction greater than ±5.0 diopters, musculoskeletal alterations or the presence of 

muscle or joint pain. Participants performed the sudden perturbation balance test 10 

times in three stances each: bipedal (BP), right unipedal, left unipedal (UP) stance. Ten 

was the total number of allowed trials; unsuccessful trials were not repeated. The tests 

were authorized by the Science and Research Ethics Committee of Semmelweis 

University (174/2005), and written consent was obtained from all participants. 

Perturbation balance tests (Figure 22) were performed on the PosturoMed freely 

oscillating platform (Haider Bioswing, Weiden, Germany) as previously described in 

Section 3.4.3.3. Briefly, the suspended platform is locked outside its resting position 

with the participant adopting a UP or BP stance; a sudden release delivers a ~20 mm 

unidirectional perturbation. The perturbation was delivered from a sideways, 

mediolateral direction. The task is to regain balance by stopping the oscillatory motion 

of the platform. Other than the platform’s support surface, no objects could be touched; 

foot contact with the platform had to be constant and rigid, and platform oscillation had 

to be decreased below ±2 mm (Section 3.2.2). The measurements were performed 

during the day at the Department of Mechatronics at Budapest University of 

Technology and Economics, Hungary. 
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4.6.1.2 Data collection 

Position data of the platform, hip, and head were collected using an 18 infra-red 

camera motion capture system OptiTrack (NaturalPoint Inc., Oregon, USA) with 

passive reflecting marker sets at a sampling rate of 120Hz. The accuracy of this 

measuring system is sub-millimeter. Data were collected with the factory-built 

OptiTrack Motive:Body software. The platform had eight reflective markers taped onto 

its surface (Figure 22). As the participants were asked to stand in the middle of the 

platform that was marked, the platform position served as the ankle joint position. A 

rigid body and a helmet with three reflective markers were both attached at the sacrum 

and on the head to obtain the corresponding position data (Figure 22). 

 

Figure 22. Perturbation balance test setup in a) bipedal and b) unipedal stance. 

4.6.1.3 Calculated parameters and data analysis 

The DP model was constructed according to Section 4.4. Joint angles were 

calculated from position data based on the DP model using trigonometric formulae. 

Angular velocity and acceleration were obtained by differentiation, and values were 

low-pass filtered to smooth out measurement noise. Evaluating the equations of motion 

for these angular joint values gave the joint torques. Joint work was calculated for each 

joint as joint torque multiplied by angular velocity; integrating these momentary values 

for the duration of the balance recovery motion gave total joint work (TWi) for that 



69 

joint. Then, the work proportion (Wi) of each joint was obtained by normalizing these 

values with the summation of all four total joint works: 

 𝑊𝑖 =
𝑇𝑊𝑖

∑ 𝑇𝑊𝑘
4
𝑘=1

 (18) 

This way, the Wi joint work proportion indicates the individual joint's contribution to 

the recovery motion. A simple summation of the ankle joint work proportions, called 

here JSI (Joint Strategy Index) therefore indicates the balancing strategy that was used 

on a 0-1 scale, where a value of 1 indicates a totally ankle-dominated strategy (no hip 

movement) and a value of 0 indicates a totally hip-dominated strategy (no ankle 

movement), while 0.5 meaning equal mixing of the two. It is expected that measured 

values of JSI do not reach the extremes of the scale. 

 𝐽𝑆𝐼 = 𝑊1 + 𝑊2 (19) 

The naming conventions were as follows. The participant was placed into an x-y-z 

coordinate system where x is parallel to the perturbation (positive in the direction of 

perturbation), y is perpendicular to the perturbation in the horizontal plane (positive in 

the anterior direction), and z points upward. 

In order to compare platform trajectory and total joint work in the four joints, ratio 

values were calculated. The joint directional ratio (RJ) is defined here as the sum of the 

work proportion of the ankle and the hip joint representing rotation in the direction of 

the perturbation: 

 𝑅𝐽 = 𝑊1 + 𝑊3 (20) 

The platform directional ratio (RP) is defined as: 

 𝑅𝑃 =
𝑃𝑥

𝑃𝑥+𝑃𝑦
 (21) 

where Px is the platform path traveled parallel to the perturbation direction, and Py is 

the platform path traveled perpendicular to the perturbation direction. Thus, the 

platform directional ratio is also on a 0-1 scale, where a value of 1 indicates motion that 

completely stays in the direction of perturbation, and a value of 0.5 indicates equality 

between the motion in the parallel and the perpendicular directions (a value of 0 is 

physically impossible considering that the perturbation has to happen). 

Regarding statistical analysis, a within-subject design was adopted. JSI values were 

averaged for each participant in BP and UP stances, after which Wilcoxon’s signed-rank 

test was used to check for differences between the stances because of non-normality of 

the data and the paired samples. Spearman’s rank correlation coefficient was used to 
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test significant correlation (α = 0.10) between the platform and joint directional ratios 

for each participant. 

4.6.2 Results 

4.6.2.1 Joint work proportions 

Out of 330 attempts, 285 were successful and well recorded for the whole group. 

Total work in the four joints can be analyzed in relative terms to identify if one or more 

of them are dominant. Here, the results of a single participant are shown as an example 

(Figure 23). The BP stance consistently shows that lateral torques are dominant, of 

which the ankle contributes the most (W1); only minimal frontal work is contributed 

(Figure 23). The dominance of lateral ankle torque (W1) over hip torque (W3) reverses 

for UP stances (Figure 23). Left and right UP stances are also somewhat dissimilar 

regarding the contribution of lateral ankle and hip joints; in this case, the right UP 

stance tends to have more equal contributions. Frontal torques (W2, W4) also appear for 

UP stances (Figure 23). 

 

Figure 23. Total joint work proportions of 26 recovery motion for one participant. 

The JSI indicates joint dominance on a simple 0-1 (hip-ankle) scale. As illustrated 

for one participant, BP and UP stances are distinct (Figure 24). The distributions of JSI 

values are presented for each participant for the two stances in Figure 25. It can be 

noted that UP stance consistently scores lower on the JSI scale, meaning a more mixed 

ankle-hip strategy. As indicated by the Wilcoxon's signed-rank test, the difference 

between the stances is significant (signed rank = 66, p < 0.001). 
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Figure 24. Indication of ankle (JSI=1) or mixed ankle-hip (JSI=0.5) strategies of 26 recovery motion for one 

participant. 

 

 

Figure 25. Boxplot of JSI-values for the participants in the repeated perturbation tests (blue: unipedal stance, orange: 

bipedal stance). Horizontal axis: upper labels: 1 – unipedal, 2 – bipedal stance; lower label: participant number. 

 

4.6.2.2 Platform and joint work directional ratios 

Correlation coefficient values and significance levels are shown in Table 8 for each 

participant. The joint directional ratio (RJ) correlates well for most participants with 

platform motion, as indicated by the platform directional ratio (RP). However, 

Spearman’s rho was significant (α=0.10) only for 7 out of the 11 participants. For those 

7 participants, it could be consistently observed that BP stance tend to score highest on 

both ratio scales, and the two UP stances were somewhat distinct; see example in Figure 

26. 
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Table 8. Correlation coefficients and significance levels for joint work and platform directional ratio. 

* denotes significant values. 

Participant 1 2 3 4 5 6 7 8 9 10 11 

rho 0.237 0.287 0.334* 0.897* 0.347* 0.558* 0.186 -0.222 0.781* 0.587* 0.677* 

p 0.265 0.131 0.072 <0.001 0.061 0.003 0.352 0.246 <0.001 0.003 <0.001 

 

 

 

Figure 26. The correlation between joint work and platform directional ratio values of 26 recovery motion for one 

participant 

4.6.3 Discussion 

4.6.3.1 Contribution of individual joints 

The equations of motion for the DP model yield the torques applied in the four 

joints, and the proportions of these were considered in this investigation. As illustrated 

in Figure 24, the contribution of individual joints can be estimated and visualized for the 

balancing motions. The four joints allow the comparison between the ankle and hip 

joints as well as between the sideways and forward motion as well. These four joints 

can help to identify the source of a balancing deficit, e.g., reduced sideways mobility in 

the hip or the presence of forward rotation that may indicate optimal balancing [99]. 

4.6.3.2 Determining the balancing strategy 

In order to provide a proof of concept of the model, the JSI variable was formulated 

to see if it can indicate the ankle or mixed ankle-hip strategy. The starting assumption 

was that different joints contribute the most for the two (BP and UP) stance conditions. 

The differences in JSI values for BP and UP stances were striking for most participants 

(Figure 25) and proved to be significant for the studied group, thus confirming that the 
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DP model successfully distinguished between the strategies. It should be emphasized 

that the JSI is a simple index number between 0 and 1, thus it is easy to use in a clinical 

setting. Another possible utility of JSI is that it allows the comparison between repeated 

measurements. Consider the consistency of JSI values for the BP condition and the 

large variability observed for the UP stance (Figure 24). This indicates that subsequent 

UP recovery motions are quite different. Indeed, looking at the full-body motion, it can 

be stated that most recovery motions are unique even within a single test participant. 

4.6.3.3 Platform direction correlation with joint work direction 

The sudden perturbation test involves a unidirectional disturbance, in this case in the 

mediolateral (sideways) direction. It can be assumed that if the response motion 

contains movement in the anterior-posterior (forward) direction, this resulted from the 

participant's balancing efforts. Therefore, there should be a correlation between the joint 

work contributions regarding the two directions and the resulting platform path. This 

was explored via the correlation between RJ and RP. However, the correlation proved 

significant for only 7 out of the 11 participants (Table 8). This raises the question of the 

source of the forward motion; this could also suggest that the simple DP pendulum 

model is not sufficient in these more complex movements, i.e., non-modeled body 

segments played a significant role. A possible explanation can be the compensatory arm 

movements involuntarily executed by the participant or even movement of the raised 

leg (in the UP stance). 
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4.7 Main contribution 3: double-pendulum model 

Based on the investigations presented in Sections 4.5 and 4.6, the following answer 

can be given to Research question 3: 

An open-chain model of the standing human body based on the Denavit-

Hartenberg convention that has two links (one for the upper and lower body each) 

and four degrees of freedom (DoF) (two single-DoF joints at the ankle and the hip 

levels, respectively) can estimate the torques arising in the main body joints with 

sufficient accuracy to detect balancing strategies. 

 

Related own publications: [P8-P11] 

Regarding the practical utility of this contribution, the simplicity of the dynamic 

model needs to be emphasized. Although the equations of motion became rather 

complicated due to the three spatial dimensions and four DoF, the model is simple 

because only three positions have to be tracked, i.e., the feet/ankles, the hip, and the 

head. Prescribing the foot position on a reference point, these are further reduced to 

measuring only the hip and head positions, which could either be done using optical 

methods or more simply with ultrasound- or inertia-based motion sensors. Indeed, this 

investigation aimed to show the applicability of a simplified model in the case of 

perturbation balance testing. It may even be suggested that common devices that contain 

suitable motion sensors, e.g., smartphones, could be attached to the hip (in a pouch) and 

the head (on a hat) to obtain the necessary measurement data. This simplification may 

contribute to the broader adoption of various balancing tests and the instrumented, 

objective assessment of test results [8]. 

Since this approach utilizes a model from robotics, future research avenues in this 

field may include researching biologically plausible control processes via simulations of 

the motion.  The parameter identification of a controller based on measured balancing 

motion may aid in the further quantification of the balancing process. 
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5 Biologically inspired signal processing 

This chapter provides further introduction to spiking neural networks and Research 

questions 4 and 5 are raised regarding biologically inspired signal encodings (Section 

5.2.1). This is followed by an investigation on optimal encodings (Section 5.4), leading 

to Main contributions 4, 5, and 6 (Section 5.11). 

5.1 Introduction to spiking neural networks 

The study of motion and motor control involves the measurement and analysis of 

signals from multiple modalities, such as positional data, joint angles, muscle activation 

via EMG signals, cortical activation via EEG signals, and pulse via pulse oximeter or 

electrocardiogram. The multiple modalities and the different physical units or 

dimensions make it difficult to consider these signals simultaneously and extract 

valuable information. Furthermore, these data are temporal in nature and also have a 

strong spatial dependence. Better mathematical and computational tools are needed to 

analyze such data. 

One computational tool effective for spatio-temporal data that has emerged recently 

is the spiking neural network (SNN), also called the third generation of artificial neural 

networks, in which the processing units (neurons) of an SNN behaves similarly to a 

biological neuron [10]. Information travels between the processing units in the form of 

binary spiking events which reach the neurons via excitatory or inhibitory synapses and 

change the inner state of a neuron which may cause it to fire another spike event in a 

subsequent time frame depending on the neuron’s mathematical model (e.g., “integrate-

and-fire”). SNN systems are thus inspired by the information processing solutions of the 

biological brain. For a recent review on the background of SNNs, see [114]. 

SNNs have shown to be effective solutions for both classification and regression 

tasks using spatio-temporal data for a multitude of use cases within the fields of climate 

and seismic events, road traffic, etc. First and foremost, SNNs have been applied for 

modeling the nervous system based on EEG-data [11][12][13], thus solving 

classification tasks related to brain data and providing a neuromorphic model of the 

cortex. SNNs have been used to model motor control as well [14]. Based on this, further 

studies applying SNNs to analyze the multi-modal data of human motion coordination 

are proposed. 
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5.2 Introduction to temporal spike encodings 

Real-world measurements provide analog (continuous or discrete) real-value 

temporal signals; therefore, it is necessary to implement an encoding method to convert 

the analog values to spike events to provide input to such systems. This analog-to-spike 

encoding can compress the data size of the signal considerably [115] since the spike 

train is a binary value series. In turn, this binary signal provides fast processing, 

especially using purpose-built hardware, e.g., SpiNNaker [116]. Ultimately, a correct 

spike encoding could lead to better information preservation along with input data 

reduction and compression [115,117–120]. 

5.2.1 An overview of temporal spike encoding methods 

Spike encoding can be based on firing rate (instantaneous average firing rate) [121], 

population rank coding (relative firing time of a population of neurons) [122], or 

temporal coding (exact timing of individual spikes) [123]. Firing rate encoding 

resembles biological systems in that cortical electric activity typically has an oscillatory 

nature. In population rank coding, neurons each have corresponding receptive fields, 

and they fire in the order of to what extent an input value belongs to their respective 

receptive field. Temporal encoding methods utilize the exact timing of each spike, 

which marks a change in signal value. It is thought that biological neurons apply spike 

timing as information encoding [10,117–120]. At the same time, temporal encoding is 

well suited for streaming data encoding and fast processing such as magneto/ 

electroencephalography, electrocardiogram, etc. In the present study, only temporal 

spike encoding methods are further considered. 

As a brief overview, existing temporal encoding methods belong to two groups that 

take two distinct approaches: temporal contrast [117–120,124] and stimulus estimation 

[125]. Temporal contrast algorithms track the temporal changes in the signal, and the 

exact timing of spikes represents these changes, similar to the artificial retina [117,124]. 

In principle, the next consecutive signal value is compared to an interval, and if the 

value is outside of the interval, a positive or negative spike is generated accordingly. 

Temporal contrast encoding was first developed as a hardware implementation to allow 

for fast visual information processing and was inspired by the human retina [117]. 

Temporal contrast methods implemented in the NeuCube SNN framework [126] are 

Threshold-based Representation (TBR), Step-Forward encoding (SF), and Moving-

Window encoding (MW). These three methods are analyzed in the present study. 
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Another such encoding method that resembles momentum-like algorithms has been 

presented recently in [127]; however, the corresponding decoding algorithm has not 

been demonstrated yet. Temporal contrast algorithms produce a bipolar spike sequence 

(positive and negative spikes, plus zero). 

Stimulus estimation encoding is inspired by the response function of the biological 

neuron and employs a linear filter to find a unipolar (only positive one and zero) spike 

train that represents the signal [128]. An analog signal can be constructed from a spike 

train by convolution with a finite impulse response (FIR) filter, an idea called Spike 

Interval Information Coding. The analog-to-spikes encoding is, therefore, an inverse 

problem, finding the spike train that when reconstructed to analog values gives a close 

approximation of the original signal. This inverse process is a “deconvolution” by the 

same filter; a prominent early implementation of which is the Hough Spiker Algorithm 

(HSA) [128]. To overcome some of the disadvantages of HSA, a modified HSA 

(mHSA) algorithm had been implemented in the CAM-Brain Machine as presented in 

[125]. A further improved solution of the inverse problem was implemented as Ben’s 

Spiker Algorithm (BSA) [125]. BSA calculates two error terms that would result from 

emitting or not emitting a spike at a time point and makes the decision to spike 

comparing these errors to a threshold. Of these algorithms, the present study considers 

only BSA, since it was already shown to perform better than HSA and mHSA [125], 

and BSA encoding had been implemented in SNNs and successfully applied on EEG-

data [13] [12]. Stimulus estimation encoding produces a unipolar spike sequence 

(positive spikes and zeros). 

Temporal contrast and stimulus estimation encoding differ not only in their 

mechanisms but also in the polarity of the spike sequence produced (bipolar and 

unipolar, respectively). Unipolar SNN architectures support only unipolar spike 

sequences, i.e., the presence or absence of a firing event at a time point which is 

transmitted through an excitatory (positive) or inhibitory (negative) connection. Bipolar 

SNN architectures can support bipolar spike sequences, i.e., positive spikes, negative 

spikes, and no firing [126]. For example, this can be implemented as changing the state 

(membrane potential) of the input neuron(s) according to the spike sign. Another 

approach is that the positive spikes are fed to one input neuron while the negative spikes 

are fed to another, and these neurons are then connected to the rest of the network 

through positive or negative connections.   
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5.2.2 Related works on temporal spike encoding optimization 

General studies on SNNs start by assuming that the encoded spike train is already 

available as input to the system. Little has been published on the specific effects of 

encoding methods on the spike train information content and the reconstructed signal, or 

in fact on the rationale behind the selection of a particular encoding algorithm. In many 

cases of application-related studies, the efforts to optimize the encoding is tied to the 

performance of the whole SNN. For example, the parameters for the chosen encoding 

method were included in the grid search performed on all other SNN parameters and 

were evaluated based on total system performance, e.g., classification accuracy [129]. 

This way, the extracted information content was determined by the machine learning 

process itself without the influence of expert knowledge on the data generation process. 

Few are the studies that considered optimizing the encoding step separately. In the 

seminal paper that introduced BSA [125], the applied FIR-filter was a “cleaned-up,” 

normalized, quantized version of a filter that was found through genetic search 

algorithms in a previous study [130]. The threshold was then optimized for the signal-

to-noise ratio (SNR) between the original signal and the noise (i.e., the encoding error 

between original and reconstructed signals). In [131], BSA was applied on normalized 

EEG signals; filter design parameters were sought by trial-and-error, while the applied 

threshold was found through minimizing the normalized absolute error between original 

and reconstructed signals. As validation, the signals were compared visually.  

Another framework for spiking data encoding related to stimulus estimation was 

formulated in [132], which aims at maximizing information content while minimizing 

spike density, i.e., average firing rate to achieve better data compression. The idea is 

that if existing knowledge is available about how the data was generated in the 

examined system, this should be taken into account (via “knowledge injection”) when 

the optimal encoding method is sought. For stimulus response encoding, the applied 

convolution function is created based on a model of the signal generation [132]. For 

example, in fMRI data encoding, a hemodynamic response function can be used to 

biologically model how neural activity generates fMRI signals [115]. This response 

function can be modeled as a gamma function that can be employed for stimulus 

estimation encoding, and the filter itself is learned from the data through genetic 

algorithms (GAGamma). Parameters are optimized simultaneously while imposing 

practical limits on them and on spike density as well; the optimization was evaluated 
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based on the root mean square error (RMSE) between the signals [132]. As the literature 

above show, the SNN community has not settled on any encoding method selection and 

optimization methodology with regards to temporal data. 

5.3 Research questions 4 and 5: optimal spike encoding 

It is imperative to generate the spike train input to the SNN such that the task-

relevant information content of the signal is preserved. The issues here are what 

information is lost and what is preserved, and how effective the encoding was. One 

approach is not to evaluate the encoding's effectiveness separately, but for the whole 

SNN application, e.g., the chosen encoding is deemed sufficient if the whole SNN 

system's output yields good results, such as good classification accuracy [115]. Another 

approach is to try and optimize the encoding step by itself. However, comparing 

original and encoded signals is non-trivial: how to compare a binary event series with a 

continuous signal or calculate some error metric of the differences? At best, one can 

apply the corresponding decoding algorithm and compare the reconstructed signal with 

the original. 

Each encoding method has a unique way of extracting information from the input 

signal. Selecting the specific encoding method depends on signal characteristics, such as 

the presence of relevant information in the time or frequency domain, the presence of 

noise in the data, and whether the data can be shifted or scaled. It is also necessary to 

understand how the encoding changes the signal characteristics, e.g., does it cut into the 

frequency spectrum, can it suppress noise etc. Furthermore, the type of SNN to be 

utilized also has to be considered, i.e., what type of input it can accept. After choosing 

the encoding algorithm, optimization of the encoding parameters must also be done to 

ensure that meaningful spike trains are generated, and consequentially, this 

meaningfulness needs to be validated. 

RQ4: How can temporal spike encoding be optimized to retain the highest amount 

of information? 

RQ5: Is there a temporal spike encoding algorithm that can be recommended as a 

general-purpose encoding? 

RQ6: How can the widely used BSA encoding be optimized for information 

retention? 
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5.4 Proposed encoding methodology and aim of study 

In line with Research questions 4 and 5, this investigation aims to provide a 

quantitative and qualitative analysis into different temporal spike encoding methods and 

aims at providing guidelines to the process of selecting and optimizing the spike 

encoding method. Our approach is to investigate the encoding optimization in and of 

itself, utilizing a signal reconstruction approach as generated by the corresponding 

decoding algorithm. Comparing the original and reconstructed signals can employ 

different error metrics, based on which the encoding parameter(s) can be tuned. 

Choosing the appropriate error metric is also an open question. This investigation has 

been published in [133]. 

A comparison in time or frequency domain can verify to what extent the encoding 

method preserved the information in the original signal. This is important for 

classification tasks where we may have prior knowledge about the nature of useful 

information in the signal, e.g., task-specific response signals or a frequency band of 

interest. For prediction tasks, decoding the spike train to real-value signals is crucial in 

interpreting the output of the SNN. This warrants an investigation utilizing well-defined 

and characteristic test signals as inputs to the encoding algorithms in question. Specific 

properties and the possible optimization of the encoding methods are explored on test 

signals and the implications are discussed. An overview is provided to aid in the 

selection of encoding method according to the signal characteristics. 

 
Figure 27. Proposed encoding workflow 

Based on these remarks, a three-step encoding workflow is proposed (Figure 27). 

First, the encoding method is selected based on signal characteristics. Second, the 

encoding parameters are optimized based on error metrics between reconstructed and 

original signal (verification in time domain). Third, the encoding is validated by 

comparing the spike train to the original signal in time/frequency domain. Here, the 

term ‘original signal’ means the continuous signal intended as input to the machine 
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learning model. The aim of this investigation is to provide guidelines for these three 

steps, i.e., the selection, optimization and validation of encoding methods.  

5.5 The investigated encoding and decoding algorithms 

The following encoding and corresponding decoding algorithms are studied here for 

the selection and optimization of a suitable spike encoding method and its optimized 

parameters for a given task: TBR, SF, MW, and BSA. The algorithms are described in 

the following and pseudo-codes are also presented in the Appendix, Section 9.5. 

5.5.1 Threshold-based Representation (TBR) 

The simplest implementation of temporal contrast encoding, TBR [117,134] is based 

on tracking temporal changes in the signal as demonstrated in the artificial retina 

[117,124]. The absolute value change between consecutive signal values is compared to 

a threshold; if large enough, a positive/negative spike is emitted (based on the sign of 

change). To calculate this threshold, the whole sample length is taken into account. The 

first derivative is calculated, then the standard deviation of this derivative is multiplied 

by a factor to obtain the encoding threshold (see Algorithm 1 in Appendix, Section 9.5). 

The only parameter of this encoding is this factor which is independent of the signal 

amplitude but is determined by the signal characteristics. Decoding of the signal is 

straightforward: the reconstructed signal is given by a summation of positive and 

negative spikes multiplied by the encoding threshold (see Algorithm 5 in Appendix, 

Section 9.5). The initial reconstruction value should match the initial signal value. 

5.5.2 Step-Forward encoding (SF) 

The Step-Forward (SF) encoding [126] utilizes an interval around a moving baseline 

with a set threshold (see Algorithm 2 in Appendix, Section 9.5). The initial baseline 

equals the initial signal value. If the next signal value is above/below baseline ± 

threshold value, a positive/negative spike is registered, and the baseline is moved to the 

upper/lower limit of the threshold interval. The set threshold is signal amplitude 

dependent and is the only parameter of this encoding. The decoding process is 

essentially the reconstruction of this moving baseline, similarly to TBR (see Algorithm 

5 in Appendix, Section 9.5). 
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5.5.3 Moving Window (MW) 

The Moving Window (MW) encoding [126] uses a moving baseline with a set 

threshold value, where the baseline always equals the mean of the preceding signal 

values in a time window (see Algorithm 3 in Appendix, Section 9.5). Thus, the moving 

baseline is essentially the application of a moving average filter. If the signal value is 

above/below baseline ± threshold value, a positive/negative spike is registered. MW 

thus has two parameters: the threshold and the window size. Decoding is essentially the 

same as for TBR or SF (see Algorithm 5 in Appendix, Section 9.5). At this point, an 

additional moving average filter could be applied to make the reconstructed signal 

smoother, in which case the encoding-decoding corresponds to a two-pass (twice 

applied) moving average filter. 

5.5.4 Ben’s Spiker Algorithm (BSA) 

An analog signal can be constructed from a spike train by convolution with a finite 

impulse response (FIR) filter. BSA is an algorithm for producing the spike train from 

which the original signal can be reconstructed well [125] (see Algorithm 4 in Appendix, 

Section 9.5). BSA works only for positive valued signals. First, a FIR-filter is created. 

Then, two error terms are calculated at each time-point: one that results from 

subtracting the filter coefficients from the subsequent signal values, and one that results 

from not changing the signal (no subtraction). If the subtraction error is smaller than the 

unchanged signal error term minus a threshold, a positive spike is generated, and the 

filter coefficients are subtracted from the signal. Decoding is straightforward since it 

was kept in mind during the encoding: a convolution of the spike train with the filter 

coefficients gives the reconstructed signal (see Algorithm 6 in Appendix, Section 9.5). 

BSA encoding results in a unipolar (only positive) spike train. 

The original BSA encoding requires input with [0, 1] limits. However, BSA can be 

applied to any positive-valued signal if the filter coefficients are scaled up such that 

they appropriately match the signal boundaries. Therefore, a simple signal shift above 

zero is sufficient. The recommended scaling of coefficients is discussed in Section 

5.7.5. 
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5.6 Methods of investigation 

5.6.1 Test signals used for quantitative analysis 

A number of signal types were considered as test signals, such as purely stepwise 

signals, smooth (sinusoidal) signals, signals with trends, event-like signals. These signal 

types can model a wide variety of important behaviors such as sudden or smooth 

changes, slopes and plateaus, trend effects, different amplitude events, important 

frequency spectra, etc. The rationale behind using sinusoidal signals is that from a 

modeling standpoint, measured EEG signals are comprised of a mixture of sinusoidal 

waves plus multi-source Gaussian noise [135]. The signal parameters were randomly 

generated and to analyze noise effects, random white noise was added. 

 

Figure 28. Test signals used for analysis: (a) step-wise, (b) smooth, (c) trended smooth and (d) event-like signals 

The following test signals were constructed with length of 1000 samples to test the 

properties of encoding methods: 

- step-wise signal with increasing step-size without noise (Figure 28A); 

- smooth signal with sine components continuously ranging from 2 to 20 Hz 

with random power, combined with random phase lags plus white noise 

(Figure 28B); 
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- trended signal, same smooth signal as before multiplied by an exponential 

saturation trend plus white noise (Figure 28C); 

- event-like signal, resembling EEG signals during perturbation-evoked 

potential events [136] plus white noise (Figure 28D). 

5.6.2 Properties to investigate 

In order for the analysis to allow a comparison between the encoding methods, the 

following behaviors/properties were investigated for each encoding method (where 

applicable): 

- ability to follow the various test signals, offset and scaling error in time 

domain (qualitatively and quantitatively); 

- false encoding at start and/or end of the signal; 

- frequency characteristics such as: noise suppression; artifacts; white noise, 

pink noise introduced during signal reconstruction; 

- parameter dependencies; 

- optimization curves, robustness, and methods. 

It is important to note that both time and frequency domain effects were included in 

the analysis because in many applications although the signal is in the time domain, the 

important information is in the frequency spectrum, even if it is not the spectrum that is 

to be encoded per se. 

5.6.3 Error and indicator metrics 

The optimization criterion considered here is the accurate recovery of the signal; 

minimizing the difference between original and reconstructed signals serve as the 

objective function. There are multiple candidate error metrics since there is no 

consensus on which one to use. In this study, the following optimization criteria were 

used: 

- signal-to-noise ratio (SNR); 

- root mean square error (RMSE); 

- coefficient of regression (R2). 

SNR is defined here as the signal-to-noise ratio where the difference between the 

original (s) and reconstructed (r) signal is considered as “noise” [125]. SNR is to be 

maximized and is calculated as: 

 𝑆𝑁𝑅 = 20 ⋅ 𝑙𝑜𝑔
𝑃(𝑠)

𝑃(𝑠−𝑟)
 [𝑑𝐵] (22) 
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where s is the original, r is the reconstructed signal, and P denotes the power of the 

signal in the argument. 

A negative SNR means that the error introduced through the encoding is more 

substantial than the information content itself; SNR of 0 dB means equality between the 

two. 

RMSE is to be minimized and is defined classically as 

 𝑅𝑀𝑆𝐸 = √∑ (𝑟𝑡−𝑠𝑡)2𝑁
𝑡=1

𝑁
 (23) 

where s is the original, r is the reconstructed signal, and N is the number of total 

time points and gives a summation of the modeling errors. 

Even though the R2 is classically used for measuring regression fit, in a broader 

sense is a measure of modeling fit in general and it is employed here in this capacity. 

The R2 gives a relation between the variance unexplained by the modeling (SSres) and 

the variance of the original input (SStot) data: 

 𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
 (24) 

 𝑆𝑆𝑟𝑒𝑠 = ∑ (𝑟𝑡 − 𝑠𝑡)2𝑁
𝑡=1  (25) 

 𝑆𝑆𝑡𝑜𝑡 = ∑ (𝑠𝑡 − 𝑠�̅�)2𝑁
𝑡=1  (26) 

Note that R2 is to be maximized and in this case, R2 can assume negative values as 

well; a negative R2 means that the fit is worse than substituting all values with the mean 

of the signal (in which case R2 = 0). 

As an indicator metric, the average firing rate (AFR) shows how saturated the spike 

train is and is calculated as the quotient of all spikes (sp) in a given spike train and the 

number of total time points (N): 

 𝐴𝐹𝑅 =
∑ |𝑠𝑝𝑡|𝑁

𝑡

N
 (27) 

5.7 Quantitative, qualitative and comparative analysis of different 

encoding methods and optimization of their parameters 

5.7.1 Numerical performance of encoding methods 

To present numerical performance for future reference, best error metric values that 

could be achieved by optimization of each encoding method are presented in Table 9 for 

the test signals. In the following sections, results from the individual encoding methods 

are analyzed. 
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Table 9. Numerical performance evaluation of the studied encoding methods with optimized parameters for the test 

signals 

signal metric TBR SF MW BSA 

step-wise SNR 7.77 21.79 22.57 11.09 

RMSE 2.67 0.53 0.49 1.82 

R-sq. 0.64 0.99 0.99 0.83 

smooth SNR 2.74 13.47 0.03 10.23 

RMSE 49.89 14.55 68.40 61.42 

R-sq. 0.47 0.96 0.01 0.20 

trended 

smooth 

SNR 9.64 38.22 27.40 12.40 

RMSE 368.61 14.94 50.00 281.19 

R-sq. -0.14 1.00 0.98 0.40 

event-like SNR 5.88 26.24 9.43 10.44 

RMSE 8.66 0.83 5.75 17.31 

R-sq. 0.74 1.00 0.89 -0.03 
 

5.7.2 Threshold-based Representation (TBR) encoding 

TBR registers large enough signal changes only; thus, it is expected that small, 

gradual changes are not represented. In addition, tracking only signal change causes that 

sudden, step-wise changes will be poorly represented (Table 9) since the step-size of the 

reconstruction is uniform as it equals the threshold. Dynamics of smoothly changing 

signals are followed (Table 9); however, the uniform steps introduce a scaling error 

which is prominent in the case of trended signals (Figure 29, left). For small and large 

amplitude events, the selected encoding threshold determines the captured event type 

(Figure 29, right); there is clearly a tradeoff between representing small and large 

events. Since the whole sample length is considered for threshold value calculation, this 

encoding can be disadvantageous for long samples where there may be amplitude 

differences between events of different parts of the sample. As an advantage, there are 

no falsely registered values at the start or end of neither the spike train nor the 

reconstructed signal. 
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Figure 29. Scaling error of a trended signal with TBR encoding (left); TBR-generated spikes show that TBR cannot 

represent different amplitude events well simultaneously (right) 

TBR reduces white noise to a certain extent by applying the threshold to small 

perturbations in the signal. At the same time, it is sensitive to the presence of strong 

white noise in the signal, since the spurious signal changes due to white noise cover the 

more gradual changes. As observed, the presence of white noise causes TBR to 

introduce strong 1/f noise (“pink noise”) during reconstruction; strong low-frequency 

artifact components appear. For longer signals, this may cause the reconstructed signal 

to drift away. Parameter optimization is not straightforward for TBR because typically, 

multiple minima and wider plateaus can be observed due to the different amplitude 

events, even in the case of a continuous, not event-specific signal (Figure 30). Selecting 

a specific threshold results in an encoding that better represents events having 

amplitudes that correspond with the threshold. As observed, all three metrics give 

similar optimization curves (remember that SNR and R2 are to be maximized) (Figure 

30). 
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Figure 30. Threshold optimization curves for TBR (smooth signal) 

In summary, TBR encoding had been developed to quickly process streaming, 

online data; the computation is simple and fast. In contrast, the threshold parameter 

determines the amplitude of the events that are represented correctly by the spike 

sequence. Therefore, it is encouraged that for each application, the possible events that 

can appear in the signal are considered and the threshold is chosen such that the relevant 

events are captured. This knowledge should guide the parameter optimization since 

multiple peaks can usually be observed, e.g., selecting a higher threshold if higher peaks 

are of interest in the given application. 

5.7.3 Step-Forward (SF) encoding 

For SF encoding, even though the reconstructed signal is stepwise, it follows most 

types of continuous signals exceptionally well (Table 9) both in time and frequency 

domain since multiple steps are allowed to account for a single change in the original 

signal. Step-wise, smooth (Figure 31, left) and trended signals (Figure 31, right) are all 

followed well (Table 9). The threshold can be chosen such that small and large 

amplitude events are both well represented. Similar to TBR, SF encoding represents 

only signal changes and thus offset error is expected to be present in the reconstructed 

signal unless the initial values are matched. Noise in the signal is minimally reduced by 

the threshold. 
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Figure 31. A smooth signal is followed well by using SF encoding (left); the spike sequence generated by SF 

represents a trended signal well (right). 

 
Figure 32. Threshold optimization curves for SF with a high good fit plateau (smooth signal with noise) 

SF encoding reconstructs the frequency spectrum as is; in addition, it introduces no 

artifact frequency components and only minimal noise that is related to quantization. 
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For noisy input signals, the noise is minimally reduced but mostly encoded; however, 

this does not lead to 1/f noise as was the case with TBR, which is favorable. 

Due to the moving baseline, the reconstructed signal does not drift away even for 

longer signals. Overshoot does not occur with SF since the moving baseline is adjusted 

only by the threshold value, thus the change is equal or less than the signal change. The 

optimization curves match for all three metrics and show a wide, high fit plateau (Figure 

32). The wide plateau means that the threshold can be increased and thus spike density 

can be lowered without a significant loss of encoding accuracy, which can be favorable 

in certain applications or cases. Furthermore, a lower AFR further enhances data 

compression and helps to prevent the saturation of the SNN. Lowering the AFR also 

improves noise suppression but magnifies the quantization noise, especially in the lower 

frequency ranges. 

In summary, SF encoding performed well for all types of test signals (Table 9), both 

in time and frequency domain with straightforward and robust optimization. SF 

encoding can thus be recommended for any applications, especially when there is little 

information on the nature of the original signal. 

5.7.4 Moving Window (MW) encoding 

Theoretical considerations of the MW encoding are discussed here. The MW 

encoding was suggested to be robust against noise [126]. The signal values are 

compared to a moving average, which acts as a moving average filter. Moving average 

is an optimal smoothing filter in the time domain against white noise, while a poor low-

pass filter in the frequency domain [137]. The frequency response function H(f) of a 

moving average filter of window size M is the sinc function: 

 𝐻(𝑓) =
sin(𝜋𝑓𝑀)

𝑀 sin(𝜋𝑓)
 (28) 

The window size influences the cut-off frequency, the slope of the frequency 

response and the noise reduction. The cutoff frequency at -3 dB is approx. given by 

 𝑓𝑐𝑜 = 0.8859 ⋅ √(𝑀2 − 1) [
𝜋⋅𝑟𝑎𝑑

𝑠𝑎𝑚𝑝𝑙𝑒
] (29) 

The noise suppression is proportional (equal in amplitude) to the square root of the 

window size. This means a trade-off between noise reduction and the spectrum width 

retained during the encoding. Another implication is that the MW encoding in principle 

could be used to filter out a strong, artifact frequency component, e.g., power line noise 

in EEG signals. However, as it was pointed out, the band stop characteristics of this 
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filter are disadvantageous as the attenuation is rather shallow. Thus, it is recommended 

to apply a separate digital band stop filter to remove line noise before encoding the 

signal altogether. An important point is that the signal beginning is not encoded well 

until the window size is reached. This can be managed with a slight modification of the 

algorithm: for the first M points, the baseline can be set to the mean of these M points. 

Quantitative results of the MW encoding are discussed in the following. Similar to 

SF, MW follows sharp steps well (Table 9). Trended (Figure 33, left), smooth (Figure 

33, right) and event-like signals are represented well (Table 9), but overshoot type 

errors often appear. Interestingly, error metrics indicate a poor match for the smooth 

signal despite that visually, the signal dynamics appear to be well captured. 

As stated before, MW encoding reduces white noise. However, the 1/f (pink) noise 

also appears during signal reconstruction, the amount of which appears to be 

proportional to the suppressed components in the spectrum above cutoff frequency. For 

longer signals, this may cause the reconstructed signal to drift away. 

MW encoding has two parameters: window size and threshold. The window size 

affects the encoded spectrum width and noise suppression and thus should be chosen 

first. Then, the threshold can be optimized according to any of the error metrics (Figure 

34). SNR is favorable here since negative values clearly indicate prohibited areas. 

However, at a low threshold (close to continuous firing), the peak SNR can lead to a 

false threshold selection. 

In sum, MW encoding was conceived to provide robustness against noise by what is 

essentially a moving average filter. However, this noise suppression can only increase 

with the window size which in turn lowers the cutoff frequency. This may not be 

permissible in some applications, e.g., for EEG-data that is not sufficiently 

oversampled. In such cases, it is recommended to use a separate digital filter as a 

preprocessing step instead and applying a spike encoding other than MW. 
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Figure 33. The MW encoding follows a trended, smooth signal well (left); 

noise and sharp peaks are reduced using the MW encoding (right). 
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Figure 34. Grid search for MW parameters (above) and optimization curves for a selected window size (noisy trended 

smooth signal) (below) 

 

5.7.5 Ben’s Spiker Algorithm (BSA) encoding 

Theoretical considerations of the BSA encoding are discussed in the following. In 

the original BSA implementation, the error threshold is an exact value and is subtracted 

[125]. However, this can effectively be replaced by a multiplication with a factor 

smaller than one. This method was implemented for this investigation. Such a threshold 

value is scale invariant; thus, the encoding becomes more robust. For BSA, scaling of 

the filter coefficients provides a reconstruction boundary: the maximum value that can 

be reached (by constant firing) is the sum of coefficients, while the minimum value 

equals zero (if all coefficients are nonnegative) or a small negative value. 
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Figure 35. Exemplar filter coefficients (above) and frequency response (below) 

Filter design is based on at least two parameters, e.g., a low-pass filter with cutoff 

frequency (fco) and filter size (Figure 35). Design of the filter is crucial since the signal 

components that can be represented are determined by the applied filter [125]. If a low-

pass filter was used with cutoff frequency fco = 0.05, the SNR of the reconstructed 

signal will sharply fall to 0 dB above this frequency. This means that the cutoff 

frequency is to be chosen based on the task-relevant frequency spectrum. The number 

of coefficients gives the width of the filter and determines the sharpness of the 

frequency response function. With regards to scaling, it should be, in principle, 

sufficient that the coefficients are scaled such that the reconstruction boundary equals 

the signal boundary. However, this limits the dynamic characteristics which the 

reconstructed signal can take. During the implementation steps of this investigation, 

several values were experimented with. It was found that if the sum of coefficients (the 

upper boundary of the reconstructed signal) is scaled up to twice the original signal 

upper boundary, the spike train is less saturated, and the encoding is more flexible. 

Quantitative results of the BSA encoding are discussed in the following. For BSA, 

the deconvolution algorithm works only for positive valued signals [125], thus the 

signals need to be shifted to the positive range. BSA encoding favors a continuously 

changing signal; these are represented (e.g., smooth signal, Figure 36) and reconstructed 

well (Table 9), even with trends in the signal. At the same time, BSA has a weakness 

for plateaus since firing with a constant rate is required to represent a nonzero constant 

value; without spikes, the reconstructed signal does not hold but quickly returns to zero. 
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This weakness for constant values can lead to critical, conceptual failures for sharp step 

signals and signals with plateaus in general. Higher plateaus (in the upper half of the 

signal range) can be particularly problematic, especially if the filter coefficients are not 

scaled up appropriately (Figure 37, left). Here, this effect is demonstrated through 

scaling the coefficients such that their sum equals the maximum amplitude of the signal 

(“poorly scaled” case) and to equal twice the maximum (“well-scaled” case, Figure 37, 

right). In addition, BSA in general tends to show offset and scaling error in the 

reconstructed signal, depending on the optimization. 

 
Figure 36. Reconstruction of a smooth signal with well-scaled BSA filter coefficients with the corresponding spike 

sequence 
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Figure 37. Error at high plateaus with poorly scaled coefficients of BSA encoding (left); 

the plateau error disappears with well-scaled coefficients (right) 

 
  

Another implication is that there are false spikes and false reconstructed values at 

the start of the signal since the value has to catch up from zero. This means that the data 

should be shifted to have a minimum of 0 to improve BSA encoding. The end of the 

signal is also falsely encoded due to the convolution; the number of erroneous points 

corresponds to the filter size. Depending on the sample length, substantial loss of 

information may occur here. 

In the frequency domain, the spectrum (Figure 38) is changed similarly as if the FIR 

filter were applied to the original signal: frequencies above the cutoff point are 

suppressed (cf. Figure 35). In effect, the encoding performs filtering at the same time. 

However, some artifact components with low frequencies can appear, especially if the 

filter size is large. 
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Figure 38. Frequency spectrum effects of BSA encoding. 

The single-sided amplitude spectrum is in effect filtered and pink noise appears 

The first step of parameter selection and optimization for BSA is the filter design 

which is aimed at retaining the task-relevant frequency spectrum. It is suggested that 

cutoff frequency and filter size are selected jointly since these determine the frequency 

response together. A grid search or other optimization can be performed to determine 

the highest encoding fit for possible cutoff-size (Figure 38). SNR is recommended as 

the error metric of the search since negative values indicate forbidden areas. Other 

optimization, e.g., genetic or differential evolving algorithms could also be applied. As 

an initial guess, cutoff could be selected at twice the highest important frequency with a 

filter size of 20-24. It can be observed that the solution across the search space is not 

smooth (Figure 38) as there are multiple local peaks. The resulting filter coefficients 

and especially the cutoff frequency must be cross-checked against the signal’s relevant 

frequency spectrum. With increased size, the filtering is sharper; a limitation on the 

filter size is the false encoding and decoding at the start and end of the signal due to the 

convolution. For the optimal error threshold parameter corresponding to a set filter, all 

error metrics give the same results (Figure 39). For many signals, a (multiplicative) 

threshold in the range of 0.94-0.98 provides a good solution. 
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Figure 39. Grid search for BSA filter parameters (above); 

threshold optimization curves for a selected filter (smooth test signal) (below) 

In sum, BSA encoding is the only one of the four encodings analyzed here that 

produces a unipolar (only positive) spike train and thus may be the only option for some 

SNN architectures. BSA produces major errors for suddenly changing, step-like signals 

and also has problems with plateaus, especially in the higher value ranges. The filter 

design and optimization are also non-trivial. Using a multiplicative error threshold 

provides a robust solution, but the effects of this algorithmic modification need further 

analysis. The start and end of the false encoding are also of concern; padding the signal 

with constant values might address this issue to a certain extent. 

5.8 Comparison of encoding methods 

A comparison of the key characteristics of analyzed encoding methods is given in 

Table 10 to aid with the first step of the encoding process, i.e., selecting the method. 

The first and foremost selection criterion is whether the SNN architecture accepts only 

positive or bipolar spike trains as well. Of the analyzed methods, BSA was the only one 

producing unipolar spikes (Table 10). BSA is not suitable to encode step-like signals; 
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continuously changing, constant mean signals are represented most efficiently while a 

trend in the signal causes some scaling error. Signals with high plateaus are most 

difficult to encode with BSA. Noise suppression above the cutoff frequency is excellent. 

However, it must be stressed that the filter design has to be congruent with the task-

relevant frequency spectrum and there is a single peak optimum threshold value for a 

set filter. 

 

Table 10. Summary and comparison of encoding method characteristics. 

Methods BSA TBR SF MW 

spike train polarity + +/- +/- +/- 

false encoding at 

start/end 

yes, both no no yes, at start 

cuts into frequency 

band 

yes no no yes 

suppresses (white) 

noise 

yes, greatly yes, little yes, little yes, greatly 

optimization non-trivial non-trivial easy non-trivial 

 

Comparing the three temporal contrast methods, SF proved to be very effective for 

all test signals (Table 9) with the further advantage of having a single parameter with a 

wide, high fit optimization plateau (Table 10). In addition, SF does not suffer from 

systematic errors other than offset in the reconstruction and even suppresses white noise 

to a small degree. Thus, SF is recommended as a universal encoding method. In the case 

of a very noisy raw signal, choosing MW encoding could be justified. However, this 

moving average filtering cuts into the frequency spectrum and the reconstructed signal 

suffers from pink noise, artifact components and often scaling error as well (Table 10). 

Thus, a preprocessing step with a digital filter and SF encoding is recommended 

instead. The numerous disadvantages (Table 10) of TBR means that it should be used 

only when necessary, e.g., for the simulation, development or deployment of hardware 

implementations. 
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5.9 Further discussion 

5.9.1 Observations on the error metrics 

The optimization curves for the test signals showed that all three metrics give the 

same optimization curve (Figure 30, Figure 32, Figure 34, Figure 39). To account for 

this, consider that R2 and RMSE are both calculated based on the fitting error variance 

while SNR calculates the power ratio of original signal and fitting error. Furthermore, it 

was assumed that the initial signal value is available for the decoding step, thus it was 

possible to match the initial original and reconstructed signal values. If this was not the 

case, that would mean strong implications for the optimization step. The error metrics 

would yield different curves and thus different optimal parameter values. The R2 

optimization works to represent the signal dynamics as well as possible (even with a 

constant offset error), while SNR aims to diminish the difference altogether such that 

the signal values will match. This often leads to false encoding-decoding at the start of 

the signal. RMSE would still yield the same results as SNR. 

The question of which error metric to choose for optimization arises. SNR can be 

interpreted based on its sign; it has to be positive for meaningful signal reconstruction. 

Therefore, SNR is recommended because of favorable interpretability. For 

computational load, RMSE is favorable, but note that the absolute value of RMSE 

obtained will differ for different inputs as there are no broadly accepted ways to 

normalize RMSE, making comparisons across signals difficult. 

The low-frequency erroneous components in the reconstructed signal may cause a 

significant drift away from the original signal. Although the final output of the encoding 

optimization is the resulting spike train, this drift is of interest because such a great 

difference between the two signals heavily influences the error metrics. It is possible 

that applying boundaries to the reconstruction could address this issue to some extent. 

5.9.2 Observations on the validation step 

 As outlined in the three-step encoding workflow, a final validation step is 

required to check that task-relevant, meaningful information is retained in the spike 

train. Currently, a visual check is the only available method for this step. The original 

signal can be visually compared with the reconstructed signal or the spike train itself. 

Frequency spectra can also be compared, especially for a sinusoid signal in which the 

frequency components are of particular interest (Figure 38). Another option for 
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validation would be testing the accuracy of the whole SNN application. However, this 

would be influenced by the many parameters of the SNN as well. 

5.9.3 Observations on biological plausibility 

It could be of interest to consider the biological rationale of the different encoding 

methods. As mentioned previously, BSA as a neuron stimulus estimation method has a 

strong biological plausibility considering the functioning of individual neurons. As for 

the temporal contrast encodings, these mostly rely on the biological strategy that only 

(large enough) changes of the important property are registered to improve robustness 

and energy-efficiency. TBR registers only large changes between consecutive values, 

much like retinal cells [117]. SF does the same, but the basis of comparison is the 

previously registered large change that caused a spike and not necessarily the previous 

signal value; in this way functioning as a short-term memory or adaptation. MW takes a 

moving average of previous signal values as a baseline to improve robustness, for which 

the biological rationale is hard to determine. 

5.9.4 Limitations and future outlook 

To limit the scope of investigation, the analyzed signals were all 1000 samples long. 

A future study may address effects of the sample size, e.g., short (50-100) or long 

(5000-10000) samples. The momentum-like TBR algorithm introduced in [127] was not 

considered because the corresponding decoding method has not been demonstrated. The 

GAGamma methodology [132] is based on knowledge about the signal generation and 

this study is aimed at evaluation different encoding methods for a wide variety of 

signals, GAGamma was not included in our analysis. Another limitation was that only 

individual samples were included in the encoding parameter optimization. 

Future work is to be carried out with regards to optimizing multiple sample data and 

furthermore, data with multiple features. In addition, the decoding step might introduce 

systematic errors into the reconstructed signals, e.g., quantization in the case of 

temporal contrast algorithms which would influence the error metric values. A future 

study could aim at identifying the correct methods to mitigate these effects, e.g., 

smoothing or filtering the reconstructed signal to make the comparison with the original 

signal more valid. 
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5.10 Example on human balancing motion data 

As mentioned in the Introduction (Section 1.4), SNNs are especially well-suited for 

multimodal signal processing, which is needed to analyze data from biomechanical 

analyses. Here, an example on motion data from the PosturoMed perturbation test is 

shown. The lateral ankle joint angle, angular velocity, joint torque, and platform 

displacement in the perturbation direction time traces were obtained from the 

investigation described in Section 4.6. The time traces were encoded with the SF 

algorithm. 

 

Figure 40. Example encoding on joint angle data during perturbation test 
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Figure 41. Example encoding on angular velocity data during perturbation test 

 

Figure 42. Example encoding on joint torque data during perturbation test 
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Figure 43. Example encoding on platform displacement data during perturbation test 

 

An additional example dataset including joint angle, EMG, ECG, and ground 

reaction force data was encoded using the proposed workflow and methods with the SF 

and BSA algorithms and the results are presented in the Appendix (Section 9.6). The 

obtained spike trains could serve as inputs to an SNN to learn more about the motor 

coordination and the balancing strategy which is a future research direction. 
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5.11 Main contribution 4: spike encoding optimization 

Based on the investigation presented in Section 5, the following answer can be given 

to Research question 4: 

Considering the conversion of digital signals into spike trains, the following 

encoding workflow (Figure 44) is recommended to maximize information 

retention: 

- the spike train is obtained by applying the encoding method on the 

original signal; 

- the reconstructed signal is obtained by applying the corresponding 

decoding method on the spike train; 

- the parameter(s) of the encoding are tuned to the extreme value of a cost 

function. 

- A signal-to-noise ratio type of cost function can be recommended, where 

the difference of the reconstructed and the original signals are 

considered noise, and the signal-to-noise ratio should be maximized. 

 

 

Figure 44. Recommended spike encoding optimization workflow 

 

Related own publication: [P12] 

Using the proposed workflow to optimize the encoding in itself ensures that the 

task-relevant information is retained. This also speeds up the training of the machine 

learning system by reducing the parameter space. 
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5.12 Main contribution 5: step-forward encoding optimization 

Based on the investigation presented in Section 5, the following answer can be given 

to Research question 5: 

Considering the conversion of digital signals into ternary (-1, 0, +1) spike 

trains, the so-called Step-Forward (SF) algorithm can provide a robust encoding 

solution for signals such as step signals, aperiodic signals, trended signals, and 

aperiodic signals containing noise and events with different amplitudes. The 

encoding can be optimized by following the recommendations presented in main 

contribution 4. 

 

Related own publication: [P12] 

Regarding the practical applications of this contribution, the SF encoding can be 

recommended as a general-purpose encoding; a good choice for multimodal signals that 

is easy to optimize and robust to different signal characteristics. 
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5.13 Main contribution 6: BSA encoding optimization 

Based on the investigation presented in Section 5, the following answer can be given 

to Research question 6: 

Considering the conversion of digital signals into binary (0, +1) spike trains, the 

Ben’s Spiker Algorithm should be applied with the following considerations in 

order to optimize the information retention of the encoding: 

- First, the FIR-filter applied during the conversion is designed such that 

the frequency characteristics of the filter matches the spectrum of the 

information content that is desired to be retained. 

- Then, the coefficients of the FIR-filter are scaled up by multiplication 

such that the sum of the coefficients is twice the amplitude of the input 

signal. 

- Finally, the threshold type parameter of BSA is optimized by maximizing 

a signal-to-noise ratio, where the difference between the original and the 

reconstructed signals (calculated by a convolution of the encoded spike 

train and the FIR-filter) is considered noise. 

 

Related own publication: [P12] 

Regarding the practical applications of this contribution, it can be stated that the 

BSA-encoding is especially relevant as it is a widely used encoding because it provides 

binary spike trains. Any effort to improve the information retention of the encoding may 

improve the performance of SNN systems and may speed up the training process 

considerably. A custom MATLAB software with graphical user interface for the 

selection and optimization of encoding methods is available on: 

www.kedri.aut.ac.nz/neucube (named “spike encoding tools”). 

 

  

http://www.kedri.aut.ac.nz/neucube
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6 Conclusions and future outlook 

This chapter offers brief summaries and the conclusions of the investigations 

presented in this dissertation. 

6.1 Conclusion on assessment of standing dynamic balancing 

The complexity of both postural control and maintenance of balance makes it 

challenging to assess balancing abilities in a concise, holistic approach. It seemed more 

feasible to study dynamic balancing using well-defined, task-specific methods, but this 

has led to a proliferation of methods and a lack of standardization.  

We set out to conduct a systematic review of the literature to identify and categorize 

existing objective measurement methods in the study of standing dynamic balancing 

abilities. The final synthesis identified the main balancing devices as solid ground, 

balance board, rotating platform, horizontal translational platform, treadmill, 

Computerized Dynamic Posturography, and other devices. Only one of these methods, 

i.e., the Computerized Dynamic Posturography, is standardized and widely accepted as 

a reference method. Non-standard balance assessment methods have their 

corresponding numerical parameters of evaluation and there is little overlap in these 

parameters between different methods of assessment.  

The identified dynamic balancing assessment methods were categorized and placed 

into a proposed framework of standing dynamic balancing assessment methods. These 

methods offer different motion constraints and perturbation types, out of which 

researchers and clinicians can choose the most appropriate one for their work or decide 

to explore novel approaches. The resulting collection is offered as a catalog of candidate 

methods for specific groups of participants to complement static balancing assessments 

used in studies involving postural control. 

6.2 Conclusion on balance recovery trajectory characterization 

It had been well established that the nervous system utilizes robust motion 

coordination strategies or patterns to respond quickly to sudden perturbations that elicit 

a loss of balance or to maintain balance in a dynamic environment. Looking at the 

sudden perturbation test that is carried out on a horizontal free oscillating platform, 

balance recovery performance following the perturbation can be characterized by the 

time needed to achieve balance. The corresponding damping factor (Lehr’s damping 
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ratio) had also been used extensively in such studies to quantify the effectiveness of the 

balance recovery action. We introduced a promising a new variable, the directional ratio 

to quantify not the performance but the shape of the platform trajectory. This variable 

characterizes the execution of the balance recovery action, thus extracting information 

on the possible coordination strategies that may appear during this test. 

We conducted sudden perturbation tests with a group of healthy young participants 

to determine whether the directional ratio can characterize the platform motion 

trajectory, and thus the balance recovery movement in a meaningful and consistent way. 

We hypothesized that different motion coordination patterns will emerge between 

unipedal and bipedal stances, in order to either execute the task successfully or more 

effectively. Analyzing recovery actions by the resulting platform trajectory, we 

demonstrated that in a unipedal stance, more elliptical platform trajectories enable slow, 

but successful balance recovery or improve its performance to score similarly to bipedal 

recovery. We also identified a motion pattern of unipedal recovery action that 

outperformed bipedal stance. These results point to designing a diagnostic methodology 

that utilizes performance and motion characteristic parameters simultaneously.  

Further research of using this test as a diagnostic tool is suggested to incorporate 

participants of different age, gender, lateral dominance, athletic background and health 

with a focus on identifying further motion patterns that can indicate superior, normal or 

impaired balancing abilities. 

6.3 Conclusion on the double-pendulum model of standing human 

balancing 

Increasing efforts have been made to quantify the results of balancing tests that are 

being used in clinical and research settings. Typically, some aspects of the motion are 

recorded by instruments and a simplified model of the human body is utilized to derive 

numerical parameters corresponding to the supposed motion coordination strategy. 

Our investigation focused on open-chain kinematic models that can be created 

algorithmically and the inverse dynamics equations can be obtained to estimate the 

torques arising in the joints. We created a double-pendulum model: the two rigid links 

of the model encompass the lower and upper body. Movement is possible in four joints, 

two for the ankle and two at the hip level to allow for sideways and forward rotation. 

The model can estimate the torques in these joints from which mechanical work values 

can be calculated; the proportional values of joint work show the contribution of each 
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joint. The four joints allow the comparison between the ankle and hip joints as well as 

between the sideways and forward motion as well. These four joints can help 

identifying the source of a balancing deficit. 

We aimed to demonstrate the model’s utility via analyzing the balance recovery 

motion of healthy, young participants following a sudden perturbation on the 

PosturoMed oscillatory platform. A simple joint strategy index was created to indicate 

the dominance of ankle joints over the hip joints, giving a simple variable to determine 

which strategy was used. Another parameter was created to quantify how much the 

participant utilized the antero-posterior movement direction in response to the medio-

lateral perturbation. The difference in joint strategy index values for bipedal and 

unipedal stances proved to be significant for the studied group as expected. Creating 

additional proportional variables regarding the directionality of the joint works and the 

resulting platform motion, a correlation was found between the two for the majority of 

the studied group. Overall, the double pendulum model allows to further analyze and 

better understand balance maintenance and the complex balance recovery action. In the 

future, the model could be evaluated for different types of balancing tests used in 

clinical practice. 

In order to validate the torque estimation of the proposed double-pendulum model, 

we carried out measurements with an inhomogeneous group of healthy adult 

participants with large ranges of age, body height, body mass, and body mass index. 

The validation's basic premise was to compare the indirectly measured torques with the 

model estimated torques arising at the ankle level during balancing motion in an upright 

stance. To obtain standard, repeatable balancing motion, the participants carried out a 

visually guided balancing task, which provided visual feedback on their estimated COM 

position. The model showed to be well-suited to estimate the torque traces for a wide 

range of body types. The match in torque values was excellent for both ML and AP 

torques, with a static (offset) error in AP torque due to a calibration error of the joint 

position. 

Further measurements are suggested that measure the load distribution between the 

two legs in the bipedal stance. A future research direction is to create simulated 

movements of the open-chain model with various control approaches and comparing 

these to real measurements could provide insight into the biological viability of the 

control processes. Another direction would be to apply control parameter identification 

on real measurements to quantify the participant’s co-ordinational finesse.  
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6.4 Conclusion on spike encoding 

Studying the motion of the human body may involve simultaneously recorded 

signals from several different modalities, such as joint position, angle, and torque, 

muscle activity via electromyography, and information on pulse via electrocardiography 

or pulsometer. Analyzing different modalities of signals and data requires new 

mathematical tools, such as machine learning approaches. However, any machine 

learning process can only be effective and valid if the input data contains the relevant 

information in a meaningful representation. Spiking neural networks are inspired by 

biological, neuronal signal processing, in which signals or data takes the form of 

unipolar or bipolar spike event sequences (spike trains). Encoding real-valued data 

(signals) to spike trains, therefore, has to retain the task-relevant information with as 

few artifacts as possible. 

We proposed a three-step workflow methodology: selecting the encoding method 

appropriate to the original signal; optimizing its parameters; validating the encoded 

signal. We investigated temporal signal encoding using four encoding algorithms and 

four test signals with the goal of providing analysis and guidelines for the three steps of 

encoding optimization. The encoding methods included temporal contrast (TBR, SF, 

MW) and a stimulus encoding (BSA) methods as well. 

If the SNN architecture allows only unipolar spikes, BSA is the only appropriate 

method of these. We provided guidelines on maximizing the retained information 

content using the BSA encoding regarding the design of the applied FIR-filter, scaling 

of the coefficients, and the error metric to be used to optimize parameters. 

If bipolar spike trains are allowed, temporal contrast methods can also be used. We 

found that for bipolar systems, SF should be the encoding method of choice for most 

cases due to its versatility and robustness. TBR has numerous disadvantages, therefore 

is only recommended for hardware simulation, development, or implementation since it 

suits online, fast applications. MW encoding suits very noisy signals but significantly 

cuts into the frequency domain; if this is not permissible, a digital filtering 

preprocessing step and SF encoding is recommended. Parameter optimization is based 

on calculated error metrics between the original and reconstructed real-value signals. 

Here, SNR is the recommended metric since negative values indicate prohibited areas 

and SNR values are invariant of signal amplitude which allows for comparisons. An 

additional validation step is done through visual exploration of the original signal, the 
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encoded spike train, and the reconstructed (decoded) signal in the time and/or frequency 

domain. 

Future research directions are applying SNN models to learn deeper connections 

between the multimodal signals that are obtained during motion examinations. These 

models are able to perform essentially two tasks: regression and classification. An SNN 

model trained to perform regression would be able to estimate signals from other 

measured signals, e.g., estimating harder to measure signals, such as joint torques or 

muscle activity from other, more easily measured signals, such as joint angles or marker 

displacement signals. Classification models, on the other hand, show great promise to 

be a helpful tool aiding diagnosing balancing or co-ordinational deficits or superiority. 
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7 Summary 

7.1 Main contributions in English 

This section provides a summary of the dissertation in the form of the stated main 

contributions and my relevant publications. 

 

Main contribution 1: Dynamic balance investigations can be classified 

according to the allowed movement directions (unconstrained, translation allowed, 

or rotation allowed) together with the applied intervention (sudden perturbation, 

continuous perturbation, or dynamic condition without perturbation). 

Related publications: [P1] 

 

Main contribution 2: Considering the sudden perturbation test on the 

horizontally oscillating platform, let the following term define the directional ratio: 

𝑅 =
𝑆𝑥

𝑆𝑦
 , 

where  Sx is the traveled path of the platform in the perturbation direction, 

and Sy is the traveled path of the platform in the direction perpendicular to the 

perturbation. The balance recovery strategy can be characterized by coupling 

together the platform trajectory, as quantified by the directional ratio, and the 

effectiveness of the balance recovery, as quantified by the damping ratio. The 

directional ratio shows a consistent difference for lateral perturbations between 

bipedal and unipedal stances in the healthy young population, even when the 

effectiveness of balance recovery is similar. 

Related publications: [P2-P7] 

 

Main contribution 3: An open-chain model of the standing human body based 

on the Denavit-Hartenberg convention that has two links (one for the upper and 

lower body each) and four degrees of freedom (DoF) (two single-DoF joints at the 

ankle and the hip levels, respectively) can estimate the torques arising in the main 

body joints with sufficient accuracy to detect balancing strategies. 
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Main contribution 4: Considering the conversion of digital signals into spike 

trains, the following encoding workflow (Figure 45) is recommended to maximize 

information retention: 

- the spike train is obtained by applying the encoding method on the 

original signal; 

- the reconstructed signal is obtained by applying the corresponding 

decoding method on the spike train; 

- the parameter(s) of the encoding are tuned to the extreme value of a cost 

function. 

- A signal-to-noise ratio type of cost function can be recommended, where 

the difference of the reconstructed and the original signals are 

considered noise, and the signal-to-noise ratio should be maximized. 

 

Figure 45. Recommended spike encoding optimization workflow 

 

Relevant publication: [P12] 

 

Main contribution 5: Considering the conversion of digital signals into ternary 

(-1, 0, +1) spike trains, the so-called Step-Forward (SF) algorithm can provide a 

robust encoding solution for signals such as step signals, aperiodic signals, trended 

signals, and aperiodic signals containing noise and events with different 

amplitudes. The encoding can be optimized by following the recommendations 

presented in Main contribution 4. 

 

Relevant publication: [P12] 

 

Main contribution 6: Considering the conversion of digital signals into binary 

(0, +1) spike trains, the Ben’s Spiker Algorithm should be applied with the 

following considerations in order to optimize the retained information of the 

encoding: 
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- the FIR-filter applied during the conversion shall be designed such that 

the frequency characteristics of the filter matches the spectrum of the 

information content that is desired to be retained 

- the coefficients of the FIR-filter shall be scaled up by multiplication such 

that the sum of the coefficients is twice the amplitude of the input signal’s 

- the threshold type parameter of BSA shall be optimized by maximizing a 

signal-to-noise ratio, where the difference between the original and the 

reconstructed signals (calculated by a convolution of the encoded spike 

train and the FIR-filter) is considered noise. 

Relevant publication: [P12] 

7.2 Main contributions in Hungarian – a tézisek magyar nyelven 

Ez az alfejezet összefoglalja a disszertáció eredményeit a tézisek magyar fordításai 

formájában. 

 

1. tézis: Az állás közbeni dinamikus egyensúlyozás vizsgálati módszerei 

osztályozhatók együttesen a mozgáskényszer (szabad mozgás, transzlációt 

megengedő kényszer, rotációt megengedő kényszer) és az alkalmazott beavatkozás 

típusa (hirtelen perturbáció, folytonos perturbáció, dinamikus körülmény 

perturbáció nélkül) szerint. 

Kapcsolódó publikáció: [P1] 

 

2. tézis: Legyen a hirtelen irányváltoztatási teszt során az alábbi mérőszám az 

irányultsági arányszám: 

 𝑅 =
𝑆𝑥

𝑆𝑦
 , 

ahol Sx az alátámasztó platform által a kitérítéssel párhuzamos irányban bejárt 

pálya hossza, Sy a kitérítésre merőleges irányban bejárt pálya hossza. Az 

alkalmazott egyensúlyvisszanyerési stratégia a platform mozgáspályájának alakját 

számszerűsítő irányultsági arányszámot, valamint az egyensúlyvisszanyerés 

eredményességét számszerűsítő csillapítási tényezőt párban vizsgálva állapítható 

meg. Az irányultsági arányszám értékében konzisztens különbség van két és egy 

lábon állás esetében az egyensúlyozás eredményességének azonos szintje mellett is. 

Kapcsolódó publikációk: [P2-P7] 
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3. tézis: Képezzünk az állás közben egyensúlyozó emberi test modellezésére a 

Denavit-Hartenberg konvención alapján egy fordított ingamodellt, mely két tagból 

(alsó- és felsőtest) áll, valamint négy szabadsági fokkal rendelkezik (kettő-kettő a 

boka- és a csípőízület szintjénél). Ez a modell alkalmas az egyensúlyozási 

stratégiák detektálása céljából kellő pontossággal leírni a test mozgását és 

megbecsülni a test fő ízületeiben ébredő nyomatékokat. 

Kapcsolódó publikációk: [P8-P11] 

 

4. tézis: Digitalizált időtartománybeli jel tüzelési sorozattá alakításakor a 

megmaradó információmennyiség optimalizálása érdekében az alábbi eljárást 

(Figure 46) célszerű alkalmazni: 

• az eredeti jelből az átalakító eljárással előállítjuk a tüzelési sorozatot 

• a tüzelési sorozatból az átalakító eljárásnak megfelelő inverz eljárással 

előállítjuk a visszaállított jelet 

• az átalakítás paraméterét (paramétereit) egy célfüggvény szélsőértékének 

keresésével beállítjuk 

• a célfüggvény a visszaállított jel és az eredeti bemenő jel közötti különbséget 

zajként értelmezve a bemenő jel-zaj viszony aránya, amely 

maximalizálandó. 

 

Figure 46. Tüzelési sorozattá való kódolás optimalizálási eljárása 

Kapcsolódó publikációk: [P12] 

 

5. tézis: Digitalizált időtartománybeli jel ternáris (-1, 0, +1) tüzelési sorozattá 

alakításakor az ún. Step-Forward (SF) algoritmus robusztusan alkalmazható 

ugrás jellegű; aperiodikus jellegű; trendet tartalmazó; illetve különböző 

amplitúdójú eseményeket/kilengéseket tartalmazó, zajjal terhelt jelek tüzelési 

sorozattá alakítására. Az átalakítás optimalizálható a 4. tézisben ismertetett 

eljárással. 

Kapcsolódó publikációk: [P12] 
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6. tézis: Digitalizált időtartománybeli jel az ún. Ben’s Spiker Algorithm (BSA) 

algoritmus alkalmazásával való bináris tüzelési sorozattá alakításakor a 

megmaradó információmennyiség optimalizálása érdekében az alábbi eljárást 

célszerű alkalmazni: 

- először megtervezzük a BSA-algoritmus során használt FIR-szűrőt 

figyelemmel arra, hogy a szűrő frekvenciaátviteli függvénye illeszkedjen a bemenő 

jelben lévő hasznos, megtartandó információt tartalmazó frekvenciatartományhoz 

- azután felskálázzuk a FIR együtthatóit úgy, hogy az együtthatók összege a 

bemenő jel amplitúdójának kétszerese legyen 

- végül pedig beállítjuk a BSA-algoritmus hibahatár jellegű paraméterét 

figyelemmel arra, hogy az előállított tüzelési sorozat és az átalakításhoz használt 

FIR-szűrő konvolúciójaként adódó helyreállított jel, valamint a bemenő jel közti 

különbséget zajként értelmezve a bemenő jel-zaj viszony aránya maximális legyen. 

Kapcsolódó publikációk: [P12] 
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9 Appendix 

9.1 Biomechanical term of directions, axes, and planes 

This section provides an overview into the most important biomechanical terms 

utilized in this dissertation. Figure 47 shows directional references. Throughout this 

dissertation, the frequently used term medio-lateral (ML) direction not only refers to an 

axis, but also to a direction: from medial towards lateral. This distinction is important 

regarding the perturbation direction on the PosturoMed device. Figure 48 shows the 

important anatomical planes. 

 

Figure 47. Directional references of the human body; image source: [138] 

 

 

Figure 48. Terminology of human anatomy planes [image source: 

https://en.wikipedia.org/wiki/File:Human_anatomy_planes,_labeled.svg ] 

  

https://en.wikipedia.org/wiki/File:Human_anatomy_planes,_labeled.svg
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9.2 Group discrimination ability of the identified balancing studies 

This section provides additional information from the studies identified in the 

literature review in Section 2.5. The ability of each method to discriminate between 

different groups of participants was analyzed based on the data extracted from the 

included studies and are summarized in Table 11. 

Table 11. Group discrimination ability of studies involving multiple groups of participants 

 Appropriate to discriminate 

 significantly to some extent to a limited or no extent 

Balancing 

task/device 

between groups study between groups study between groups study 

Simulated 

forward fall 

young adult, elderly [28] single steppers, 

multiple steppers 

[29] single steppers, 

multiple steppers 

[30] 

 stability training, 

stability and muscle 

strength training, 

control group 

[31]     

 PD fallers, PD non-

fallers, control 

[32]     

Waist 

pull/push 

balance impaired 

elderly, healthy 

elderly, healthy 

young 

[33] elderly fallers, 

elderly non-fallers 

[34]   

Shoulder hit elderly fallers, 

elderly non-fallers, 

healthy young 

[39]     

Sudden load 

on hands 

young, early and 

late middle-aged, 

physically active 

and sedentary 

[40] low back pain 

elderly, healthy 

control 

[42] low back pain 

males, low back 

pain females 

[41] 

Leg 

swinging 

healthy young and 

elderly 

[46]     

Objective 

functional 

reach tests 

healthy young and 

elderly 

[47] diabetic 

neuropathic, 

diabetic, and 

healthy control 

[48]   

 healthy athletes 

with and without 

specific training 

[49]     

Sagittal axis 

balance 

board 

    healthy young 

adults, learning 

style groups 

[54] 

Uniaxial circus-trained [51]     
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 Appropriate to discriminate 

 significantly to some extent to a limited or no extent 

Balancing 

task/device 

between groups study between groups study between groups study 

balance 

board 

children and 

healthy control 

 healthy young 

adults in different 

training groups 

[3]     

Sudden 

platform 

rotation 

perturbation 

  PD, healthy control [59], 

[61] 

  

Continuous 

platform 

rotation 

perturbation 

  female dancers, 

male judokas, 

healthy control 

[63]   

  PD, healthy control [64]   

Sudden 

horizontal 

platform 

low back pain, 

healthy control 

[68]     

Free 

oscillating 

platform 

healthy young men, 

women, healthy 

elderly men, 

women 

[70]     

 healthy young 

adults in different 

training groups 

[3]     

Continuous 

horizontal 

oscillating 

platform 

PD, healthy control [73]     

healthy young, 

healthy elderly 

[77]     

Treadmill, 

sudden AP 

translation 

healthy young 

adult, middle aged 

adult, elderly 

[79]     

 elderly fallers, non-

fallers 

[80]     

CDP chronic 

hemiparesis, 

healthy control 

[83]     

 osteoarthritis, 

rheumatoid 

arthritis, healthy 

control 

[84]     
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 Appropriate to discriminate 

 significantly to some extent to a limited or no extent 

Balancing 

task/device 

between groups study between groups study between groups study 

 healthy children, 

healthy adults 

[86]     

Six degrees 

of freedom 

platform 

marine workers, 

dancers and healthy 

control 

[87]     

 

The simulated forward fall method [28–32] was able to demonstrate significant 

differences where these differences were highly expected, e.g., between young adults 

and elderly people, or PD (Parkinson’s Disease) and healthy groups. For example, 90% 

of PD fallers were correctly classified as such using muscle strength and anterior loss of 

stability parameters [32]. It also demonstrated some [29] or limited [30] discriminative 

power between groups of single steppers and multiple steppers, inherently associated 

with impaired balance performance.  

The waist pull/push method [4,33–37] was applied on a single group in most 

identified studies [4,35–37]. The group discrimination can be significant [33] or 

significant to some extent [34] in the case of pre-diagnosed, evident balance 

impairment. Leg preference asymmetries were identified in the stepping response, 

which preferences should be considered in intervention design [34]. Additional steps 

may also be required in balance impairment and this is due to the failing first step [33]. 

Most studies reach a theoretical conclusion [4,35,36]. Ankle stiffness is identified as the 

first line of defense during this dynamic condition [4] and it is suggested that the AP 

and ML directional postural control is decoupled by the central nervous system [36]. A 

study utilizing a cable-pulled belt assessed the validity (p < 0.001 comparing pre- and 

post-perturbation) and day-to-day variability (Intraclass Correlation Coefficients 0.81-

0.84 for internal, 0.69-0.71 for external rotations), both metrics showing favorable 

results [37]. 

The pendulum hit method [39] might not be appropriate for some patient populations 

due to psychological effects, i.e., fear of powerful impact. However, it was used 

successfully to induce anticipatory postural adjustment in accordance with the aim of 

study and significantly discriminated between elderly fallers and non-fallers, as well as 

healthy controls [39]. 
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The sudden load on hands methods used either a vertical [40,41] or horizontal [42] 

release. The vertical design aimed at standardizing the perturbation of clinical vertical 

push tests, which is a favorable development direction. It successfully discriminated 

between physically active and sedentary groups [40] but showed only limited 

differences between males and females with low back pain [41]. The horizontal release 

study proved less effective at discriminating between groups of low back pain patients 

and healthy controls [42]. 

Efforts were made to develop a force plate method with visual feedback to provide 

an objective, on-field assessment of impairment, i.e. driving under the influence [43]. 

The approach of another study utilizing the force plate with a semi-immersive virtual 

reality feedback is noteworthy, since in this setup less motion is required from the 

participant. This can provide a valuable diagnostic tool in the case of patients in a 

fragile health state [44]. 

The use of a haptic perturbation combined with different visual conditions is also of 

interest because the nature of such perturbations is purely sensory. As such, the 

sensorimotor integration, attention shifting and other components of postural control 

can be studied separately [45]. 

The study utilizing leg swinging is of interest since it combines a task that is 

functional to some extent and also a self-imposed continuous perturbation. They found 

weaker muscle synergy coupling and a lack of coordination in older adults and 

successfully discriminated between them and healthy young adults [46]. 

Studies with objective functional reach tests significantly discriminated between 

healthy young and elderly groups [47] and to some extent also between diabetic 

neuropathic, diabetic without neuropathy, and healthy control groups [48]. This method 

can also be used to track the effects of different training and exercise programs over 

time [49]. 

The balance board is a common way of providing unstable, dynamic conditions for 

balancing tests. The included balance board studies that focused on a single (either 

sagittal or frontal) axis of motion investigated only single groups. Sagittal axis balance 

board studies [53–55] had distinct clinical conclusions: a concurrent verbal task can 

improve balancing performance on a board [54]; significant learning occurs during six 

consecutive days of training on a board [53]; fatigue affects static and dynamic stability 

differently, static balancing decreasing significantly more [55]. Utilizing frontal axis 

balance boards [2,56], a proof of concept article provides insight into postural control 
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changes with changing board stiffness [2]. Another study found that the ankle strategy 

is most prominent in this task [56], similarly to quiet standing. 

Uniaxial balance boards [3,50–52] have been deployed in studies in recent years to 

assess their appropriateness both in testing and training. The earliest study found rapid 

adaptation which infers with the testing ability of the seesaw [50]. Indeed, this method 

effectively discriminated between circus-trained children and healthy controls [51]. 

However, the difference decreased in eyes-closed condition. The transitional learning 

effects between a uniaxial balance board and a sudden horizontal translation platform 

with free oscillation were assessed [3], concluding that no cross-training occurred. It 

also follows that clinicians should identify and train exactly the tasks that need 

improvement [3]. An advantage of this device is that it can be used to provide both 

frontal and sagittal axis rotation conditions based on foot orientation, where 

significantly different muscle activation can be observed [52]. 

Comparing the results of quiet standing and omni-axial balance board tests, no 

significant correlations between similar parameters were found [58]. However, the 

balancing task is learnt rapidly and such skills are retained as tested in a one week 

follow-up study [57]. 

The sudden rotating platform [59–61] was used with participants suffering from PD 

and it demonstrated some level of discriminatory power compared to healthy controls 

[59,61]. One study [59] examined the learning effects associated with this balancing 

task. They found that first trial reactions can significantly discriminate between PD 

patients and controls, and learning affects the results. Although learning is slower for 

patients, the difference between groups eventually disappears [59]. The other study of 

PD patients found that a reduced flexibility of the trunk and pelvis contributes the most 

to balance deficits [61]. An early study on a healthy group focused on reaching 

theoretical conclusions on the ankle strategy [60]. 

Continuous rotating platforms [62–64] also discriminated between groups to some 

extent. Using eyes open and eyes closed measurements, one study concluded that the 

impaired proprioception of PD patients can be compensated by visual dependence and 

this can be defined as an adaptive strategy [64]. Another study compared high-level 

judokas, ballet dancers, and healthy controls and concluded that the balance strategies 

and techniques adopted by judokas should be considered for incorporation into 

rehabilitation programs [63]. One study utilized horizontal rotations along the vertical 

axis and assessed the compensatory balance reactions in healthy subjects [62]. Notably, 
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only one other study utilized a similarly directed rotation, but with sudden perturbations 

[37]. 

A platform actuated with sudden horizontal translation perturbation with controlled 

stop [65–69] was able to significantly discriminate between low back pain and healthy 

control groups [68]. The controlled motion of the platform makes it a suitable candidate 

for sensitive neurological measurements to be carried out during balancing, such as 

monitoring cortical activity using near-infrared spectroscopy [69]. 

The sudden perturbation free oscillating platform [70–72] showed excellent group 

discriminatory powers between groups of healthy young and elderly men, and groups of 

healthy young and elderly women [70] and significantly detected the effects of balance 

training [71]. The inter- and intraday reliability of the free oscillating platform proved 

favorable and at least 12 trials can be carried out without significant learning effects 

[72]. Another advantage of this method is that the perturbation is standardized and 

following the perturbation the platform provides an unstable dynamic condition (Table 

3). Such platforms are widely used in orthopedics for diagnostics and follow-up 

measurements. Section  0 details the usage of one such platform and describes my own 

research into this field. 

A continuously oscillating horizontal platform [73–77] was able to discriminate 

significantly between PD patients and healthy controls [73] as well as healthy young 

and elderly groups [77]. The method detected abnormal temporal features in balancing 

strategy adaptation in PD patients [73]. Self-triggered changes in the perturbation also 

leads to different strategies in the elderly [77].  

A treadmill [78–80] was utilized to deliver a sudden anterior-posterior perturbation 

only in recent years. The method was able to significantly discriminate between healthy 

groups of young, middle-aged and elderly adults [79]. Furthermore, the treadmill 

method showed significant differences between elderly fallers and non-fallers, even 

when clinical tests failed to discriminate [80]. One study investigated the reliability of 

this method using computerized dynamic posturography and found good reliability 

(Intraclass Correlation Coefficients > 0.6) and moderate correlation (r > 0.5) of the 

results [78]. These results indicate that the use of a treadmill in clinical practice merits 

further development. It is worthwhile to explore the interchangeability of actuated 

horizontal moving platforms and treadmills. 

In the identified studies, CDP methods [82–86] were utilized to provide a 

standardized measure of balancing abilities. CDP methods are well-equipped to 
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discriminate between groups, as demonstrated in studies on chronic hemiparesis and 

control groups [83], as well as patients suffering from osteoarthritis, rheumatoid arthritis 

and healthy controls [84], and between healthy adults and children [86]. All included 

studies reached clinical conclusions, e.g., the contribution of each ankle to balancing 

can be quantified in the case of hemiparesis [83]. CDP can be a complementing method 

as part of a battery of balance assessment tests [84]. One study found that in the case of 

otherwise healthy participants suffering from a temporary balance impairment, dynamic 

head tilts may improve the diagnostic sensitivity of CDP [85]. These computerized 

systems can provide balance training as well, of which one significantly improved 

balance measures following a 4-week training [82]. The standardized nature of CDP 

also makes it a suitable method for long-term follow-up studies, such as following the 

improvement of children’s balance control through ageing [86]. Providing tendon 

vibrations can also be regarded as delivering a continuous sensory perturbation [81]. 

One of the most versatile balance assessment devices was the six-DoF servo-

controlled platform that mimics sea motion. The method excellently discriminated 

between marines, dancers, and healthy controls; groups that had different experiences 

under such unstable conditions. They concluded that short-term adaptation was 

dependent on the nature of previous long term experiences [87]. 
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9.3 Mechanical modeling and calibration measurements of the 

PosturoMed device 

This section provides details on the mechanics of an underdamped oscillating 

system, the modeling of such a system, and  

9.3.1 Freely oscillating systems with small viscous damping 

A freely oscillating system with a single DoF consisting of a mass, a spring and a 

viscous damping is shown on  Figure 49. The DoF is the translational motion along the 

x axis. 

 

Figure 49. Model of a 1-DoF system with viscous damping [139] 

 

The equation of motion of such a system is: 

 𝑚�̈� + 𝑘�̇� + 𝑠𝑥 = 0, (30) 

where: m mass; 

  k damping coefficient; 

  s spring coefficient. 

Refactoring the equation of motion gives: 

 �̈� + 2𝐷𝛼�̇� + 𝛼2𝑥 = 0, (31) 

where α eigenfrequency of the undamped system; 

  D dimensionless Lehr’s damping ratio. 

 𝛼 = √
𝑠

𝑚
;      𝐷 =

𝑘

2𝑚𝛼
 . (32), (33) 

The time solution of the equation of motion is: 

 𝑥(𝑡) = 𝐴𝑒−𝐷𝛼𝑡sin (𝛾𝑡 + 𝜓). (34) 

where γ eigenfrequency of the damped system; 

  ψ phase delay. 

 𝛾 = 𝛼 ⋅ √1 − 𝐷2 . (35) 
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Figure 50. Motion of underdamped oscillatory system [139] 

 

9.3.2 One-dimensional model of the system 

The rigid plate of the platform is shown in its resting and displaced position on 

Figure 4. The suspended oscillating mass may be modelled such that the very rigid 

suspension cables as considered as horizontal spring connections (Figure 49) with 

changing coefficients. 
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Figure 51. One-dimensional dynamic model [139] 

The forces arising from the translation in the x direction: 

 𝐹𝑥(𝑚, 𝑥) = 𝑚𝑔
𝑥

𝑙
, (36) 

where: m suspended mass; 

  l  length of suspension cables; 

  g  gravity. 

Thus, the spring coefficient in the modelled horizontal direction can be given as: 

 𝑠𝑥(𝑚, 𝑥) =
𝐹𝑥

𝑥
=

𝑚𝑔

𝑙
= 𝑠𝑥(𝑚). (37) 

Note that the spring characteristics are linear as a function of the suspended mass. 

9.3.3 Calibration measurement results 

Even though Müller et al. [7] carried out measurements with weights, they reported 

only the frequency results. For this reason, I carried out a series of calibration 

measurements with various weights (Figure 52). Boxes filled completely with copier 

paper were used, which on average had a mass of 12 kg. An important consideration 

was to place the boxes in a way that the sway of the boxes relative to the horizon would 

be minimal. For this reason, the longer axes of the boxes were placed parallel with the 

perturbation direction, and the placement was symmetrical to the midpoint of the 

platform. 
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Figure 52. Calibration measurement with weights 

Lehr’s damping ratio was determined with the logarithmic decrement method, while 

γ (the eigenfrequency of the damped system) was obtained from averaging the time 

intervals between successive amplitude peaks. 

It was found that the amplitude of the oscillation was greater with larger weights and 

the decay of the oscillation also took longer as the weights increased (Figure 53). The 

eigenfrequency decreased as the weight increased. Numerical results are shown in Table 

12. 
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Figure 53. Oscillatory motion with different weights. The time traces are cut at the point where the settling criteria 

was reached. 

 

Table 12. Numerical results of calibration with weights 

total mass 

(platform plus 

weight) (kg) 

12.9 25.8 38.2 50.6 63.4 73.5 

Tend (s) 1.86 2.91 3.61 4.12 4.39 4.51 

D (%) 6.22% 5.90% 5.06% 5.18% 4.34% 4.39% 

Sx (mm) 132.0 173.4 203.2 221.6 234.6 243.9 

Sy (mm) 4.4 9.4 14.1 17.1 26.2 30.5 

R (-) 30.33 18.38 14.37 12.95 8.96 8.01 

γ (rad/s) 17.030 14.630 13.455 12.560 11.830 11.411 

γ (Hz) 2.71 2.33 2.14 2.00 1.88 1.82 

 

Naturally, a placement of boxes on top of each other provide only a crude 

approximation for the human body. With this limitation in mind, we may consider these 

calibration measurements as baseline results, meaning that a body without any actuation 

or control mechanism would achieve these numerical results with respect to the applied 

parameters (Figure 54 and Figure 55). 
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Figure 54. Calibration measurement results 

 

 

Figure 55. Settling time of oscillation for calibration measurements 
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9.4 Additional numerical data and results of statistical analysis for the 

balance recovery trajectory investigation  

This section provides additional data for the investigation on platform trajectories 

(Section 3.4). 

Table 13. Anthropometric data of study participants 

gender 

(m/f) 

age 

(yrs) 

body 

mass 

(kg) 

height 

(m) 

BMI included 

(y/n) 

m 23 70 1.70 24.22 y 

m 25 84 1.80 25.93 y 

m 22 69 1.76 22.28 y 

m 22 85 1.81 25.95 y 

m 23 75 1.88 21.22 y 

f 22 72 1.74 23.78 y 

f 22 50 1.64 18.59 y 

m 23 75 1.72 25.35 y 

m 22 70 1.73 23.39 y 

f 23 50 1.60 19.53 y 

m 22 76 1.76 24.54 y 

m 23 74 1.86 21.39 y 

m 23 79 1.78 24.93 y 

m 23 80 1.72 27.04 y 

m 22 70 1.75 22.86 y 

m 23 86 1.75 28.08 y 

m 26 83 1.77 26.49 y 

m 25 83 1.82 25.06 y 

f 21 48 1.67 17.21 y 

m 24 80 1.74 26.42 y 

m 22 83 1.80 25.62 y 

m 20 56 1.68 19.84 y 

m 24 71 1.79 22.16 y 

m 23 83 1.81 25.34 y 

f 25 51 1.67 18.29 n 

m 23 70 1.76 22.60 n 

m 23 80 1.80 24.69 n 

m 23 82 1.83 24.49 n 

m 22 68 1.85 19.87 n 

m 21 72 1.76 23.24 n 

m 22 77 1.83 22.99 n 

m 22 81 1.94 21.52 n 

m 21 70 1.81 21.37 n 
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Table 14. Descriptive statistics of calculated variables. Notation: D: Lehr’s damping ratio; R: directional ratio. Stance 

type 1: single-leg, 2: bipedal stance. Sequence number: 1, 2, 3. 

Measure Mean 

Std. 

Deviation 

95% Confidence Interval 

Lower Bound Upper Bound 

D11 5.823 2.248 4.874 6.772 

D12 6.118 2.828 4.924 7.312 

D13 5.890 2.676 4.761 7.021 

D21 6.112 1.077 5.657 6.566 

D22 6.175 1.090 5.715 6.635 

D23 6.126 1.090 6.126 7.046 

R11 3.799 1.744 3.063 4.535 

R12 4.405 1.532 3.758 5.052 

R13 4.577 1.999 3.733 5.421 

R21 8.259 6.782 6.782 9.736 

R22 8.740 3.202 7.389 10.092 

R23 8.548 3.120 7.231 9.866 

 

 

Table 15. Normality of the distributions as assessed with the Shapiro-Wilk test 

 Statistics df Sig. 

D11 0.962 24 0.472 

D12 0.946 24 0.225 

D13 0.925 24 0.075 

D21 0.974 24 0.775 

D22 0.980 24 0.896 

D23 0.938 24 0.150 

R11 0.863 24 0.004 

R12 0.961 24 0.457 

R13 0.933 24 0.112 

R21 0.891 24 0.014 

R22 0.943 24 0.186 

R23 0.956 24 0.355 
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Table 16. Results of post-hoc tests for directional ratio variables (adjusted levels of significance shown) 

 R11 R12 R13 R21 R22 R23 

R11 -      

R12 1 -     

R13 1 1 -    

R21 <0.001 0.002 0.002 -   

R22 <0.001 <0.001 <0.001 1 -  

R23 <0.001 <0.001 <0.001 1 1 - 

 

Table 17. Mean ranks of variables 

 Mean rank 

R11 1.77 

R12 2.48 

R13 2.46 

R21 4.54 

R22 4.96 

R23 4.79 

D11 3.29 

D12 3.42 

D13 3.17 

D21 3.46 

D22 3.52 

D23 4.15 
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9.5 Spike encoding algorithms 

This section details the encoding algorithms (1-4) and the corresponding decoding 

algorithms (5-6) for all methods utilized in the investigation regarding spike encoding 

optimization (Section 5.5). 

Algorithm 1 TBR encoding 

1: input: s signal, f factor 

2: startpoint = s(1) 

3: diff = zeros(length(s)) 

4: for t = 1:(length(s)-1)) 

5:     diff(t) = s(t+1) – s(t) 

6: end for 

7: diff(end) = diff(end-1) 

8: threshold = mean(diff) + f*std(diff) 

9: out = zeros(length (s)) 

10: for t = 1:length(s) 

11:     if diff(t) > threshold 

12:         out(t) = 1 

13:     elseif diff(t) < -threshold 

14:         out(t) = -1 

15:     end if 

16: end for 

17: output: out 

 

Algorithm 2 SF encoding 

1: input: s signal, threshold 

2: startpoint = s(1) 

3: out=zeros(length (s)) 

4: base = s(1) 

5: for t = 2:length(s) 

6:     if s(t) > base + threshold 

7:         out(t) = 1 

8:         base = base + threshold 

9:     elseif s(t) < base - threshold 

10:         out(t) = -1 

11:         base = base - threshold 

12:     end if 

13: end for 

14: output: out, startpoint 
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Algorithm 3 MW encoding 

1: input: s signal, threshold, window, 

startpoint 

2: startpoint = s(1) 

3: out=zeros(length (s)) 

4: base = mean(s(1:window+1)) 

5: for t = 1:(window+1) 

6:     if s(t) > base + threshold 

7:         out(t) = 1 

8:     elseif s(t) < base - threshold 

9:         out(t) = -1 

10:     end if 

11: end for 

12: for t = (window+2):length(s) 

13:     base = mean(s(t-window-1:t-1) 

14:     if s(t) > base + threshold 

15:         out(t) = 1 

16:     elseif s(t) < base - threshold 

17:         out(t) = -1 

18:     end if 

19: end for 

20: output: out, startpoint 

 

Algorithm 4 BSA encoding 

1: input: s signal, fir, threshold 

2: L = length(s) 

3: F = length(fir) 

4: out=zeros(L) 

5: shift = min(s) 

6: s = s – shift 

7: for t = 1:(L-F) 

8:     err1 = 0 

9:     err2 = 0 

10:     for k = 1:F 

11:         err1 = err1 + abs(s(t+k)-fir(k)) 

12:         err2 = err2 + abs(s(t+k-1)) 

13:     end for 

14:     if err1 <= (err2 * threshold) 

15:         out(t) = 1 

16:         for k = 1:F 

17:             s(t+k+1) = s(t+k+1) – fir(k) 
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18:         end for 

19:     end if 

20: end for 

21: output: out, shift 

 

Algorithm 5 TBR, SF, MW decoding 

1: input: spikes, threshold, startpoint 

2: recon = zeros(length (spikes)) 

3: recon(1) = startpoint 

4: for t = 2:length(spikes) 

5:     if spikes(t) == 1 

6:         recon(t) = recon(t-1) + threshold 

7:     elseif spikes(t) == -1 

8:         recon(t) = recon(t-1) - threshold 

9:     else 

10:         recon(t) = recon(t-1) 

11:     end if 

12: end for 

13: output: recon 

 

Algorithm 6 BSA decoding 

1: input: spikes, fir, shift 

2: out = conv(spikes,fir) + shift 

3: output: out 
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9.6 Additional example spike encoding results 

Some example results of optimized spike encoding on biomechanics-related signals 

are presented in the following. 

 

Figure 56. Example encodings of a knee joint angle signal 

 

 

Figure 57. Example encodings of a ground reaction force signal 

 

 

Figure 58. Example encodings of an averaged EMG signal 
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Figure 59. Example encodings of an ECG signal 
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