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ABSTRACT

Falls, fear of falling Fear of falling (FoF) and low balance confidence pose major threats to health
and independence among older people. The aims of this Licentiate are to study the postural and
balance mechanisms in humans; propose a novel data-driven model of the postural and Central
Nervous System (CNS) so as to maintain the human body balance; mimic human biomechanics
and motor control system on balance robotic applications; and finally investigate and propose
novel technological methods to diagnose and measure the FoF.

Towards the aims, this Licentiate will present the following main contributions:

• By using the neuro-science hypothesis and adaptive control theory, a completely novel
model was identified for the CNS based on the feedback internal system. The proposed
model is able to predict the output commands to the body muscles, based on a recurrent
neural network, the efficiency of the proposed model has been proven based on multiple
experimental results, showing that the model can sufficiently predict the muscle activity
based on the optimum sensory inputs.

• Demonstrate the capability of replicating the balancing mechanisms of the brain by train-
ing the proposed bio-inspired network architecture with human balancing data and then
applying the resulting control structure for controlling a single link inverted pendulum.
The efficacy of the proposed model will be proven through simulation and experimen-
tal results with a single link inverted pendulum, where it will be demonstrated that the
brain-inspired control model achieves a proper balance.

• Develop a novel method to detect the FoF as a quantitative signal by considering fear as an
internal disturbance, inside the CNS that can affect the generated output torque to each
joint of the body. By assuming the human body in a quiet stance, as an inverted pendulum
model, this disturbance signal is estimated by the Moving Horizon Estimation (MHE).
The experimental results show that the subjects with FoF present a higher variation in the
estimated signal. This method can sufficiently detect the FoF using the posturographic
and motion data, which can then be utilized in future assistive devices for prevention and
treatment of the FoF and falls.

The theoretical contributions of this licentiate have been extensively evaluated by using the
kinetics, kinematics and psychological FoF fall-efficiency data from forty-five subjects. All the
data, have been collected by physiotherapists experts at movement science laboratory of Lule̊a
University of Technology.

In the first part of this Licentiate, the vision, motivation, open challenges, contributions,
and future works are discussed; in the second part, the full articles connected to the presented
contributions are presented in the annex.
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CHAPTER 1

Introduction

The task of the human postural control system is to maintain the balance in any posture
or activity. However, aging or injuries can reduce this ability and cause fatal or nonfatal
problems [1, 2]. Falls, Fear of falling (FoF) and low balance confidence, pose major threats to
health and independence among older people. According to the World Health Organization
(WHO), falls are the second dominant cause of injury and accidental death in older adults
worldwide [1].

Another balance related problem is Basophobia, or the FoF, a feeling related to the risk
of falling that is not necessarily a psychological result of a fall [3]. Aging and decline in the
postural and musculoskeletal systems can increase the prevalence of this fear [4]. Currently,
up to 50% or 60% of old people living in the community are reported to suffer from FoF [5],
despite figures vary between studies.

With the aim of investigating falls and FoF, as well as creating technologies that can assist
and train balance problems, the study of the human balance system is essential. As described
in motor control theories, human postural control systems act in order to maintain equilibrium
and stability. This function is carried out by Central Nervous System (CNS) that integrates
different modalities of sensory information from visual, auditory, vestibular, somatosensory
receptors, and creates coordinated motor actions and reactions [6]. However, understanding
the performance and mathematical modeling of the CNS that allow to adapt to the changes
in the body and its environment, as well as to predict the appropriate motor commands to
stabilize the body, has been a challenge for postural control research in the latest years [7, 8].

Besides, controlling the emerging technologies in assistive devices; (such as the lower limb
exoskeletons or the robotic prosthetic); to be indistinguishable from the human ones in their
motor control abilities, remains an open research direction in the computation motor control
field [7].

Also, regarding the FoF, fear is a chain reaction that occurs in the brain, starting with
stimuli and ending with the release of chemicals [9]. Therefore, another question in the field
of human balance, is the possibility to assume the FoF as an internal disturbance, inside the
nervous system, that increases the error in the motor command and can be estimated by state
estimation methods in control theory.

Towards this vision, this Licentiate tries to answer the questions above by performing a data-
driven research approach based on human balance data, while contributing in the following
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areas: 1) introducing a novel data-driven model of CNS by considering the neural feedback
transmission latencies; 2) replicating the human-inspired proposed model to formulate a bio-
inspired control scheme and, in the sequel, controlling an inverted pendulum as a fundamental
model of human body in a balance posture; 3) a novel theoretical contribution for the detection
and estimation of the FoF as an internal disturbance signal inside the CNS.

This Licentiate is structured as a collection of articles as it follows. Chapter 1 of Part I
presents the motivation, open challenges and contributions. Chapter 2 of Part I provides a
discussion about the future work, which will be the continuation of the PhD. Finally, part II
presents the discussed articles in their complete form of publication.

1.1 Motivation

Fall incidence was the subject of a large research interest in the previous decades and resulted
into a surprising set of statistics showing that the incidence of fall is about 600-700 per 1,000
person-years in the population aged 65 or more [10] and that about 35% of the population
suffers from one or more falls annually [11]. The incidence is higher among women than men,
and it increases with advancing age. Injury consequences are noticeable: about one fall in
six to ten results in a serious injury and about one in 50 results in a hip fracture [12]. Other
consequences are disability, restriction of activity, and FoF, which can result in an old person not
being able to continue an independent living. As the population of older adults is increasing
throughout the world [1], the falls issue is an important problem that should be taken into
proper consideration.

Towards this direction, it is essential to study the performance of the brain, namely the
CNS, in the human balancing system, as well as its structure.

1.1.1 Data-driven modeling of the central nervous system

In [13], balance has been identified as being the result of collaborative work among posture,
(specifically mainly CNS), sensory and musculoskeletal systems in a feedback loop called balance
structure, (as illustrated in Fig.1.1). The main components are the musculoskeletal system, the
sensory system and the integration of stimuli in the CNS.

The CNS integrates different modalities of sensory information from visual, vestibular and
proprioception stimuli. Based on this sensorimotor integration, the CNS maintains the balance
by sending proper motor command signals to the muscles, which create coordinated motor
actions and reactions [14]. The constant small deviations and corrections during upright stance
are regarded as an indication of the overall balancing performance.

The conceptual hypothesis of the CNS, which is called the Internal Model (IM) has received
interest in the recent years with the most relevant literature being reported in [8, 15, 16]. This
theoretical model predicts the motor commands from the sensory inputs integration, during
the changes in the environment and tries to address the issues of how the brain adapts to the
body or to the environmental changes, as well as how the brain predicts the motor commands
with delayed and noisy sensory input signals. This model has been inspired by the first findings
in [17], in which the authors studied the internal feedback in the cerebellum that can predict
the movement and reduce the errors. This feedback is called the efference copy and is the
copy of the motor command in the CNS. However, this hypothetical representation of the CNS
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Figure 1.1: Diagram of human balance system.

is identical to the adaptive control theory in the field of Automatic Control. An instructive
review of the various adaptive control schemes, such as the Gain Scheduling [18], Adaptive
Sliding Control [19] or Model Predictive Control [20], and their resembling biological IM is
provided in [21]

With the development of sensors, many attempts have been made [22–27] to identify the
CNS by system identification techniques. These approaches have used different experimental set
ups with non-parametric system identification algorithms, such as frequency or impulse response
function, spectral analysis and have designed a closed loop model for the balance system. In [28]
the authors compared parametric and non-parametric system identification approaches, such as
linear least square (LSQ), auto-regressive moving average with exogenous input (ARMAX) and
subspace identification in a closed loop neuromuscular model. The authors claimed that the
non-parametric system identification approaches gives a more accurate estimation. However,
they have not considered the closed loop in the optimizations with parametric methods. Besides,
their finding is based on only two segment joints (ankle and knee), while the motor commands
were not considered. In [29] the authors presented a system identification technique for the
control strategies of humans in different situations, which was inspired by the IM hypothesis.
Likewise, in [30] a general IM model was introduced for motion learning by an Artificial Neural
Network (ANN). Despite the flexibility of this approach to predict the motion, the authors did
not consider the efference copy as a feedback to the system.

Based on the aforementioned state of the art, the identified challenges in this research
direction that have been addressed were:

• The establishment of a data driven model for the CNS in postural control of upright
stance, validated by human data, that can predict the movement.

• The ability of the CNS model to consider the neural feedback transmission latencies in
humans and to utilize the efference copy as an internal feedback.

• The ability of the CNS model to integrate multiple joints movements and degrees of
freedom and adapt to the changes in the multiple sensory inputs.
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These achievements have been reported in Paper A , which presents a novel model using the
Recurrent Neural Network (RNN) for the CNS in postural control of upright stance for elder
adults, in whom falls and maintaining the balance are a concern. The RNN is trained and
validated by the collected kinetics and kinematics human data.

1.1.2 Utilizing the human-inspired controller for robotic applications

The complexity of our nervous system has made the understanding of its performance in pos-
tural control difficult. Therefore, most of the researchers have focused both on understanding
the functionality of other components of the human balance structure (the muscle and the
skeletal systems, mainly in an upright stance) and on trying to estimate the postural control
in a closed loop structure [31–35]. In these approaches, the common assumption has been that
for a small postural sway, the human body can be approximated as an inverted pendulum
rotating around the ankle, which is the so-called ankle strategy. This approach indicates that,
in a feedback loop, the inverted pendulum can be controlled by utilizing a simple Proportional
Derivative (PD) control scheme or a Proportional Integral Derivative (PID) controller, while
the corresponding findings in the area of identifying the balancing mechanisms have led to a
simple representation of this functionality, such as the works in [34,35].

Regardless of its simplicity, this representation raises many research questions as follows.
The relationship between the motor commands and the movements, generated in the mus-
culoskeletal system, is not stable, since the body and its surroundings are both variable [8].
Therefore, it is necessary to represent the nervous system as a controller that can adapt to
these changes. Various adaptive control schemes, such as the gain scheduling [18], the adaptive
sliding control [19] or the model predictive control [20], and their resembling biological internal
models are reviewed in [21].

A recent literature review on the controlling robotic balance applications [36,37] highlighted
that, due to the latest evolution in the area of computers and sensors, many researchers intend
to collect data and utilize system identification and machine learning algorithms to simulate
the human-inspired controller. For example, in [15] a neural network based on the internal
model was utilized to control the robot motion planning, and in [38] in an attempt to learn
the CNS an inverted pendulum was stabilized by applying reinforcement learning algorithms.
Despite this interest, to the authors’ best of knowledge, there have been no attempts towards
the analyze the internal model by identifying human data and replicating this system as the
main control scheme of the balance mechanism in robotic applications.

Based on the aforementioned state of the art, the identified challenges in this research
direction that have been addressed here are:

• Controlling assistive robotic applications, such that replicate human motor control abili-
ties and inherit the neural feedback latencies in the CNS.

• Designing a general, central, human-inspired controller that can control multiple joints of
the robotic applications.

These findings have been reported in Paper B and Paper C, in which the aim is to utilize the
aforementioned designed and trained internal model of the CNS by human data, as the main
controller of an inverted pendulum model.
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Figure 1.2: Overview of the contributions of this Licentiate.

1.1.3 Fear of falling estimation

Nowadays, the FoF is a significant predictor of falls, while in the community-dwelling, older
adults who suffer from FoF are more likely to fall [39]. Traditionally, the FoF is considered
a result of fall or near-fall experiences, and the subsequent low balance confidence causes the
subject to avoid activity, which, in turn, determines functional decline and further postural
instability, resulting in a greater risk of falls. However, the FoF is prevalent also among older
people without fall experiences. An independent association between FoF and fall risk, con-
trolled for the effect of postural instability, remains to be demonstrated.

Furthermore, the FoF can contribute to limited mobility and activities, decline of social
interactions that might cause loss of independence and the need for admission into nursing
homes [40]. Since life expectancy and the number of older adults is increasing worldwide, FoF
is a major clinical and public health problem that needs considerable attention.

The diagnosis of the FoF has been considered in many studies [4]. Falls Efficacy Scale
(FES) and a modified version, Falls Efficacy Scale-International (FES-I), are the most popular
tests to detect the fall-related concern during daily psychical and social activities [41]. In fact,
these tests are mostly questionnaires that evaluates the self-efficacy to perform daily activities
without a balance problem. In [42], the authors used the posturography of subjects in a standing
position and found a significant relationship between some of the posturographic parameters
and fall risk factors, such as FoF. Despite this current interest, and to the best of our knowledge,
there have been no attempts to develop methods measuring fear as a quantitative value.

Therefore, the main challenges and gaps identified in this research field concern the design
of a method to measure or estimate the FoF from clinical and posturographic data.

Paper D presents a method to detect FoF as a quantitative value derived from posturo-
graphic and motion data. In this method, the FoF is considered as an internal disturbance
inside the CNS affecting the generated torque to the joints of the human body. This distur-
bance signal is estimated by the Moving Horizon Estimation (MHE) and validated by human
data.
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Figure 1.3: Conceptual model for adaptive scheme of the CNS in human balance structure.

1.2 Contributions

This section summarizes the key contributions of this Licentiate. Based on the identified state
of the art and the identified gaps, we aimed to design first a structure for modeling the CNS
performance in balance and then a human-inspired controller in order to balance robotic appli-
cations. Towards this direction, this Thesis contains three published articles that , have been
presented at the following international conferences: International Conference on Robotics and
Biomimetics (ROBIO), European Control Conference (ECC), IEEE-RAS International Confer-
ence on Humanoid Robots (Humanoids). Besides, our quantitative method of measuring FoF
has been submitted to International Federation of Automatic Control (IFAC) World Congress.
Figure 1.2 summarizes and highlights the focus of the research directions in this Licentiate.

Thus, in the sequel, the main research contributions of this Licentiate will be presented.

Contribution 1: Internal model structure design of CNS in
upright stance ( Paper A )

A novel model designing the CNS in postural control of upright stance in elder adults, in
whom fall and maintaining balance are a concern, is here established and validated by human
experimental data. The proposed structure is able to: a) present a new predictive data-driven
model for the CNS in the upright stance, based on human experimental data; b) represent the
CNS in upright stance by a RNN, inspired by the IM hypothesis and considering the efference
copy as a feedback to the brain; and c) integrate multiple joints movements and degrees of
freedom and adapt to the changes in the multiple sensory inputs. Figure.1.3 schematically
represents the above mentioned balance structure. To maintain the balance, the CNS receives
feedback data from multiple sensors in our body, such as vision, proprioception, and vestibular
ones, with their corresponding delay time known as reaction time. As an output, the CNS
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generates motor commands to the body muscles and skeleton. In the proposed architecture,
the joint angles signal X and the rectified processed electromyography signal (EMG) Y from
muscles can be considered respectively as the input and the output of the model of CNS.

Contribution 2: Stabilizing an inverted pendulum by human-
inspired controller design (Papers B and C)

Figure 1.4: Illustration of the mechanism controlling a single link inverted pendulum by a
human-inspired control scheme trained from multiple gathered human data.

The internal model structure of the CNS is used as the main control scheme of the balance
mechanism in robotic applications. This is achieved, by modifying and considering an overall
torque control framework, which can be directly linked to robotics or other applications in
assistive and rehabilitation balance devices as illustrated in Fig.1.4. The proposed structure
is utilized to stabilize an inverted pendulum in a feedback loop and by this, there is a direct
attempt to demonstrate the efficacy of replicating the human brain by applying the bio-inspired
control structure on a single-link balancing pendulum. Furthermore, the proposed control
scheme will be evaluated for its adaptability and overall disturbance attenuation in various
cases of pendulum use with varying parameters and exogenous disturbance. The experimental
results evaluate the performance of the presented controller with various parameters of the
inverted pendulum, including the existence of an exogenous disturbance. Also, its performance
is compared with a tuned PID controller.

Contribution 3: Estimating fear of falling (Paper D)

This article proposes a new technical approach to detect the FoF by assuming it as an internal
disturbance, inside the CNS, that is estimated by MHE. In fact, to the best of our knowledge, it
is the first attempt to detect FoF as a quantitative value from posturographic and motion data.
The FoF is considered as an internal disturbance inside the CNS that affects the generated
torque to the joints of the human body, as it is illustrated in Fig.1.5. The human body in quiet
stance, a posture in which the body’s Center Of Mass (COM) is regulated around the ankle
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Figure 1.5: The human balance scheme with the CNS as the main controller of the human
body. The FoF is presented as block inside the CNS, which affects the generated torque τa.

joint, is similar to an inverted pendulum model [33]. Thus, this disturbance is estimated by
the MHE through the Proximal Averaged Newton-type method for Optimal Control (PANOC)
solver. The methodology is validated by the most common psychological measurements, FES-I,
and the subjects with high FES-I index have a significantly higher variation in the estimated
signal. This shows the effectiveness of this method and provides initial works for a new way to
diagnose and treat the FoF.
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Conclusions

The Licentiate contributed in the areas of: a) data-driven model of the performance of the CNS
in stabilizing the human body in upright posture b) utilizing the human-inspired controller for
stabilizing the inverted pendulum c) estimating the FoF from the posturographic and motion
data.

The first contribution was to establish a data driven model for the CNS, based on an internal
feedback model. As it has been indicated, the proposed model was able to predict the output
commands, based on a recurrent neural network, while the efficiency of the proposed scheme
has been demonstrated based on multiple experimental results. The overall scheme can adapt
not only to the physical body characteristics of different subjects, but also to the changes of
multiple sensory inputs and successfully predict the muscle activity based on the optimum
number of sensory inputs.

The second contribution provided a human brain-inspired control scheme that has the ability
to mimic the human motor control system to maintain the balance. The obtained experimental
results were a satisfactory proof that the mentioned controller can stabilize the inverted pendu-
lum, as a main model of the human body, while inheriting the neural feedback latencies in the
CNS. This approach has the additional potential to be further evaluated for more complicated
applications of balance robots in order to demonstrate the applicability of the human balancing
mechanisms in artificial apparatuses.

Finally, a novel method to estimate FoF has been established, where the FoF can be con-
sidered as an internal disturbance inside the CNS. Starting from the knowledge about the
dynamics of the body, and by using the angular position as the system output and the joint
torque as a control output, this disturbance can be estimated by MHE through the fast solving
of an optimal control problem PANOC. The results validate the performance of this estimation
and indicate that a higher disturbance is applied to the joint torque to stabilize the body in
people having a high concern of falling.

2.1 Future direction

This Licentiate addresses some of the challenges regarding the balance mechanisms and human
postural control. However, many more challenging open questions within this topic still remain.



14 Chapter 2. Conclusions

In the following paragraphs some natural extensions of the presented work are discussed.

• The data set used in this work was from a group of elderly subjects with various challenges
in standing still, so as to validate the performance of the proposed method in the most
challenging cases. To be able to generalize and robustify the proposed data-driven model
of the CNS, the data should be collected from different types of subjects, with or without
balancing disorders, from different age groups as well as in different postures of balance,
including walking.

• The assumption of a single-link inverted pendulum around the ankle for small sway in
upright stance is satisfactory; nevertheless, for a better generalization of the proposed
model, we need to consider the fact that aging or balance-related diseases can change
the balance strategy, such that other joints like hip and knee act to control the body in
upright stance [43, 44]. Besides, the proposed human-inspired controller of an inverted
pendulum provides a more general and robust performance compared to the PID; however,
a single-link inverted pendulum cannot show these advantages. Therefore, the inverted
pendulum should be extended to two or three links with additional extended experimental
evaluations.

• The estimation of FoF can be extended to a larger sample size, different age groups and
other body postures, such as walking or stepping.

• The FoF estimation could also be a starting point towards the technical measurement of
FoF, which could eventually lead to the design of assistive devices for intervention and
treatment of FoF.



REFERENCES

[1] W. H. Organization. (2018 January) Who global report on falls prevention in older age-
fact sheet. http://www.who.int/mediacentre/factsheets/fs344/en/, Sidst set 30/01/2018.

[2] S. F. Tyson, M. Hanley, J. Chillala, A. Selley, and R. C. Tallis, “Balance disability after
stroke,” Physical therapy, vol. 86, no. 1, pp. 30–38, 2006.

[3] A. Trombetti, K. Reid, M. Hars, F. Herrmann, E. Pasha, E. Phillips, and R. Fielding, “Age-
associated declines in muscle mass, strength, power, and physical performance: impact on
fear of falling and quality of life,” Osteoporosis international, vol. 27, no. 2, pp. 463–471,
2016.

[4] A. C. Scheffer, M. J. Schuurmans, N. Van Dijk, T. Van Der Hooft, and S. E. De Rooij,
“Fear of falling: measurement strategy, prevalence, risk factors and consequences among
older persons,” Age and ageing, vol. 37, no. 1, pp. 19–24, 2008.

[5] L. K., “Fear of falling,” Physical Therapy, pp. 2(3):264–72, 2002.

[6] F. B. Horak, “Postural orientation and equilibrium: what do we need to know about neural
control of balance to prevent falls?” Age and ageing, vol. 35, no. suppl 2, pp. ii7–ii11, 2006.

[7] A. Karniel, “Open questions in computational motor control,” Journal of integrative neu-
roscience, vol. 10, no. 03, pp. 385–411, 2011.

[8] R. Shadmehr, M. A. Smith, and J. W. Krakauer, “Error correction, sensory prediction, and
adaptation in motor control,” Annual review of neuroscience, vol. 33, pp. 89–108, 2010.

[9] N. H. Kalin, “The neurobiology of fear,” Scientific American, vol. 268, no. 5, pp. 94–101,
1993.

[10] H. Luukinen, K. Koski, L. Hiltunen, and S.-L. Kivelä, “Incidence rate of falls in an aged
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Thomas Gustafsson

Abstract: The second most common cause of injury in the elderly population is falling. In
an effort to understand the mechanism behind the reduced ability to maintain balance in any
posture or activity, we study the performance of the central nervous system as a controller of
the body, while maintaining the balance in some postures or activities. Towards this direction,
forty-five subjects aged over 70 were tested in different trials of quiet stance: a) hard stable
surface with open eyes, b) stable surface with closed eyes, c) soft unstable surface with open
eyes, and d) unstable surface, while eyes were closed. In the sequel, the body kinematics were
described by legs and trunk segment angles in the sagittal plane, while the muscle activations
were described by a weighted sum of rectified EMG signals from tibialis anterior and gastroc-
nemius muscles of left and right legs. Using the neuro-science hypothesis and adaptive control
theory, a completely novel model was identified for the CNS based on the feedback internal
model. The proposed model is able to predict the output commands, based on a recurrent
neural network, while the efficiency of the proposed scheme has been proven based on multiple
experimental results, showing that the model can sufficiently predict the muscle activity based
on the optimum sensory inputs.

1 Introduction

Preserving the human body in a stable posture in upright stance can be a challenging task,
since the human body is mechanically unstable [1]. The human brain, as a control system, is
responsible to maintain the balance of the physical body in any posture or activity [2]. How
the brain stabilizes the body, as well as the overall brain-body relation, are still fundamental
open questions in the motor control field of study [3], thus studying the balance control is
increasingly becoming a vital issue, since according to the World Health Organization (WHO),
falls are the second dominant cause of injury and accidental death in older adults worldwide [4].
As the population of older adults is increasing throughout the world [4], the falls issue is an
important problem that should be taken into proper consideration.

Towards this direction, the performance of the brain, namely the Central Nervous System
(CNS), in the human balancing system, as well as its structure has been investigated for the
last few decades. Preliminary, in [5] it has been identified that the CNS integrates different
modalities of sensory information from visual, vestibular and proprioception. Based on this
sensorimotor integration, the CNS maintains the balance by sending proper motor command
signals to the muscles, which create coordinated motor actions and reactions [6]. Aging or
some age-related disabilities cause changes in important components of the postural control
system, such as the musculoskeletal system and the sensory system, which decrease the balance
abilities and are strongly related to higher risks of falls [7, 8]. How the CNS can adapt to the
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age-related changes and predict the appropriate motor commands to stabilize the body, has
been a challenge for postural control research the latest years [3, 9].

The complexity of our nervous system has made the understanding of its performance in
postural control difficult. Therefore, most of the researchers have focused on understanding the
functionality of other components of the human balance structure, the muscle and the skeletal
system, mainly in an upright stance, and try to estimate the postural control in a closed loop
structure [7,10–13]. In these approaches, the common assumption was that for a small postural
sway, the human body can be approximated as an inverted pendulum, rotating around the
ankle, which is the so-called ankle strategy. This approach indicates that in a feedback loop,
the inverted pendulum can be controlled by utilizing a simple Proportional Derivative (PD)
control scheme or a Proportional Integral Derivative (PID) controller, while the corresponding
findings in the area of identifying the balancing mechanisms have led to a simple representation
of this functionality, such as the works in [7, 13].

Although such balancing model is straightforward, it still raises many research questions.
First, by considering the multiple organs and sensors of our body, this model is not capable
of associating how the CNS integrates that sensory information in the overall functionality.
The assumption of an inverted pendulum around the ankle is also controversial, since aging
can change the balance strategy, such that other joints like hip and knee act to control the
body in upright stance [8,14,15]. Moreover, the relationship between the motor commands and
the movements generated in the musculoskeletal system is not stable, since the body and its
surroundings are both variable [9]. Therefore, it is necessary to represent the nervous system
as a controller that can adapt to these changes, while this necessity is the main aim and major
contribution of this article.

The conceptual hypothesis of the CNS, which is called the Internal Model (IM) has received
interest in the recent years with characteristic works to be in [9,16,17]. This theoretical model
predicts the motor commands from the sensory inputs integration, during the changes in the
environment and tries to address the issues of how the brain adapts to the body or to the
environmental changes, as well as, how the brain predicts the motor commands with delayed
and noisy sensory input signals. This model has been inspired by the first findings in [18],
where it was studied the internal feedback in the cerebellum that can predict the movement
and reduce the errors, while this feedback is called the efference copy, which is the copy of the
motor command in the CNS.

However, this hypothetical representation of the CNS is identical to the adaptive control
theory in the field of Automatic Control. An instructive review of the various adaptive control
schemes, such as the Gain Scheduling [19], Adaptive Sliding Control [20] or Model Predictive
Control [21], and their resembling biological IM is provided in [22]. In the last decades, with
the achieved technological progress in computers and sensors, many researchers became more
interested in collecting human data and trying to implement and validate the internal models
by System Identification and Machine Learning techniques. Due to the cause and effect of the
relationship of the input-output signals, these approaches can infer more practical models that
can be validated based on further experimentation [23] and used in human-inspired robots like
the one in [16]. For instance, in [24] the authors presented a system identification technique
for the control strategies of humans in different situations, which was inspired by the IM
hypothesis. Likewise, in [25] it was introduced a general IM model for motion learning by an
Artificial Neural Network (ANN). Despite the flexibility of this approach to predict the motion,
there was no consideration of the efference copy as a feedback to the system.
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The contribution of this article focuses in the establishment and experimental validation
of a novel model for the CNS in postural control of upright stance for elder adults, where the
fall and maintaining balance is a concern. Within the framework of these criteria, the main
contribution of the proposed model stems from: a) presenting a new predictive data driven
model for the CNS in the upright stance, based on human experimental data, b) establishing of
a novel adaptive representation of the CNS in upright stance by a Recurrent Neural Network
(RNN), inspired by the IM hypothesis considering the efference copy as a feedback to the brain,
and c) the ability to integrated multiple joints movements and degrees of freedom and adapt
to the changes in the multiple sensory inputs. To the best of our knowledge, the proposed
model is the first experimental verified model of the CNS in upright stance considering the
adaptive behavior, while as it will be presented, it shows a higher capability in capturing the
functionality of the CNS than the prevailing classical PID controllers.

The rest of the article is organized as it follows. Section 2 establishes the novel proposed
methodology for building the suggested internal model, Section 3 describes the experimental
protocol and the overall data collection for the further validations. In Section 4, the simulation
results are presented with proper discussion and analysis on the findings, while in Section 5 the
conclusions and the future perspectives are drawn.

2 Configuration of the CNS model

The proposed schema of the conceptual CNS postural controller is presented in Fig. 1. To
maintain the balance, the CNS receives feedback data, from multiple sensors in our body,
such as vision, proprioception, and vestibular, with their corresponding delay time known as
reaction time and as an output, generates motor commands to the muscles and skeletons of
the body. In the proposed architecture, the joint angles signal X and the rectified processed
electromyography signal (EMG) Y from muscles can be assumed as the input and the output
of the model of CNS respectively.

To identify the dynamics of the CNS, from these received signals, three main steps should be
followed. Initially, according to [26] and [27], the CNS restrain the multiple sensory variables
and kinematics degrees-of-freedom to obtain the desired orientation. This procedure can be
presented in the dimension reduction unit, while it should be noted that this reduction does
not indicate elimination of the sensory signals, while on the other hand, it states how the CNS
benefits, from all the received signals, to generate the flexible movement. In the proposed
schema, the dimension reduction unit will be based on Principal component analysis (PCA)
and will generate the uncorrelated reduced dimension signal U as an input to the next steps.

In the recent perspective of the motor control [9], the cerebellum uses a copy of the motor
command (efference copy) to predict the proper motor command and to correct the error
between the desired movement and the actual one, while this regulation can happen in the
adaptive module. Subsequently, the detected motor orientation signals Z will be fed to the
motor generation module to create the proper commands to the musculoskeletal system. In
this scheme, these block units are implemented by the RNN, where the output of the reduction
unit, with z−du time delay and feedback copy of the predicted multidimensional signal Ŷ with
a time delay z−dy , are stored as memory to predict the proper muscle activation signal. Finally,
minimizing the error signal E between the measured Y and the predicted Ŷ signal produced,
by the proposed architecture, can be used to identify the characteristics and parameters of the
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Figure 1: Conceptual model for adaptive scheme of the CNS in human balance structure.

system.

2.1 PCA enabled dimension reduction Unit

In the presented approach, the PCA will be utilized in order to transform the measured mul-
tidimensional kinematics signal X from a set of correlated discrete time series data to a set of
principal components Φ, in such a way that all the components are orthogonal to each other
and they derive the variance from the observation data set x = [x1(k), x2(k), . . . , xp(k)], with
p ∈ N variables and k ∈ N sampling times [28], formally expressed as:

Φp×c = XT
p×kAk×c (1)

where:

Xp×k = [x(k), x(k + 1), . . . , x(k + n)]

Φp×c =


φ11 φ12 . . . φ1c

φ21 φ22 . . . φ2c
...

...
. . .

...
φp1 φp2 . . . φpc


with Φp×c, with p, c ∈ N, to be a square matrix of new components, where c = p and Ak×c =
[a1(k), a2(k), . . . , ac(k)], and k ∈ {1, 2, . . . , N} is the matrix of orthogonal eigenvectors of the
variance-covariance matrix. For this formulation, there are many algorithms to calculate the
A matrix [29], while in the proposed approach the result is obtained by minimizing the error
between the observation set and the uncorrelated observation set Xm as:

‖X −Xm‖2
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The transported uncorrelated matrix Φ encloses the maximum possible variance of the obser-
vation data Xp×k, such that the first component (φ11, φ21, · · · , φp1), is an axis in space with the
largest variance, where the observations are projected to that axis. The rest of the components
consist of perpendicular axes with descending variance. The number of components c is the
same as the number of variables of the observation set p. However, consistently and especially
in the case of correlated data, not all the components are necessary to be maintained as the first
few components can represent a high percentage of the variance of the original data. Therefore,
the components that present a small percentage of the variance can be removed.

Assuming c′ < c, c′ ∈ N components can represent more than 95% of the variance of the
observation data, the new dimensioned reduced time series data, generated at this unit, may
be formulated as:

U = A′k×c′ (2)

that will be routed to the ANN unit to generate and predict the muscle activation signals.

2.2 Adaptive and motor generator unit

Due to the efference copy as a feedback signal, the dynamics of this unit can be identified by an
ANN. In this article, a Nonlinear AutoRegressive modeling approach, with eXogenous inputs
(NARX) is utilized, since it can determine long time dependencies in predicting the time series
signals that bypass the common problem of vanishing gradient in ANN [30].

The time series prediction scheme is formulated as:

Y (k) = g(Y (k − 1), . . . , Y (k − dy), U(k − 1), . . . , U(k − du))

where the function g is approximated by a feed-forward neural network, with a time delay as
an embedded memory [30, 31]. Figure 2 shows the structure of this network with one hidden
layer and one output layer for multidimensional observation time series. More specifically, as
an equivalent to the adaptive and motor generator unit, the network consists of two main
components, which are the hidden and the output units. The hidden unit receives the output
feedback with time delay and the outcomes of the reduction unit as exogenous inputs. In case of
a single hidden layer, the outcome of each node, from this unit, may be written in the following
form:

zq(k) = f(wh0 +

j=c′∑
j=1

i=du∑
i=1

wihjuj(k − i)+

p=l∑
p=1

m=dy∑
m=1

wmhp ŷp(k −m))

(3)

where q ∈ {1, 2, . . . , N} is the number of nodes in the hidden unit, function f is an activation
function, Wh are the weights of the hidden units, and the notations (du, dy) are the time delays
of the exogenous inputs and feedback output respectfully. The outcome of the proposed ANN
unit is denoted by Z(k) = {z1, z2, . . . , zN} and it consists of the adapted perceived posture,
which will be fed to the ANN unit to generate the motor commands and thus the outcome can
be written in the following form:

ŷp(k) = f ′(wo0 +

q=N∑
q=1

woqzq(k)), (4)
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Figure 2: Structure of NARX network in case of single hidden layer.

where f ′ denotes the activation function and Wo are the weights of the output units. By this
configuration, the motor commands can be predicted by minimizing the error between the
estimated value ŷ(k) and the real measured value y(k) by the following cost function:

E(k) =
λ

l

j=l∑
j=1

(ŷj(k)− yj(k)) +
(1− λ)

n

i=n∑
i=1

w2
i (k) (5)

where λ is the performance ratio and W = {wi| wi ∈ [Wh,Wo]} are all the weights used in
both hidden and output layer. The regularization term causes the network to be trained with
smaller weights and biases, thus reducing overfitting to the actual data.

3 Experimental methods

The experiments were performed at the Human Health and Performance Lab - Movement
Science at Lule̊a University of Technology, Lule̊a, Sweden. The study was executed in ac-
cordance with the Helsinki declaration and approved by the Regional Ethical Review Board
in Ume̊a, Sweden (ref no. 2015-182-31). This study is part of a larger project [32], where
participants were recruited from a community in Northern Sweden. Forty-five participants,
27 women and 18 men, were included in the analyses. Mean age was 75.2(±4.5) years, mean
height 167.2(±9.9)m, and mean weight 73.0(±12.2)kg. An optic system with eight cameras for
the 3D motion capture, the Qualisys Oqus 4 system was used together with a wireless system
for EMG collaection, the Noraxon DTS 16 channel (Noraxon, USA). All data were sampled
synchronically on a lab computer with Qualisys Track Manager (QTM) software, while a full
body marker model with a total of 60 pieces of 10 mm round reflective markers was used for the
motion capture measurements with a sampling rate of 200 Hz. Four EMG sensors with Dual
Electrodes 40x22mm (Noraxon, USA) were used to measure muscle activity of tibialis anterior
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Table 1: Measured signals of each subject.

Inputs (X) Variable Inputs (X) Variable

Left ankle angle AnkL Right knee angle KneeR

Left knee angle KneeL Right hip angle HipR

Left hip angle HipL Pelvis-Thorax angle Pel

Right ankle angle AnkR Neck angle Neck

Outputs (Y) Variable

EMG of tibialis anterior of left leg TAL

EMG of gastrocnemius of left leg GNL

EMG of tibialis anterior of right leg TAR

EMG of gastrocnemius of right leg GNR

and gastrocnemius bilaterally. Skin preparation and EMG electrode placement was in accor-
dance with the instructions given by SENIAM [33] and with a sampling rate of 3000Hz. The
postural behavior regarding the joint movements and the muscle activity was assessed during
quiet stance in four different test scenarios of 30 seconds each: 1) hard, Stable surface with Eyes
Open (SEO), 2) Stable surface with Eyes Closed (SEC), 3) Unstable Surface with Eyes Open
(UEO), and 4)Unstable Surface with Eyes closed (UEC). To standardize foot placement, each
test was performed with feet side by side and the first metatarsal heads at a distance equal
to 75% of the width between the anterior superior iliac spines, with a self-chosen rotational
angle of the foot placement. The test instructions were to stand up straight, look at the dot
on the wall and stand as still as possible during the complete test. For the eyes closed trials,
the participants were instructed to first look at the dot on the wall and then close their eyes.
A trigger button was used to set a marker in the measurement to indicate initiation of the test
when eyes were closed and the posture was stable. Table 1 summarizes the measured data of
each subject during all the experimental scenarios.

4 Results

The measured raw EMG signals and the measured kinematics angles were used for the system
identification. Since sagittal plane movements are dominant in the quiet stance, the kinematics
were restricted to the anterior-posterior directions.

4.1 Data preprocessing and Statistical analysis

Prior to using the EMG Signals to predict the muscle activation signals or the motor command
from the brain, the raw signals are processed according to the standard recommendation by
SENIAM [34]. According to the recommendation for surface EMG signal the motion artifacts
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Figure 3: Distribution of cross correlation of joints angles with zero lag in SEO and UEC
scenario among 45 subjects. The yellow box plots indicate high correlation.

and baseline noise should be removed by a high pass filter with a cut-off frequency between
(10 − 20 Hz) [35]. Later the signal should be detrended, rectified and a low pass filter with a
cut off frequency within the range of (500 − 1000 Hz) should be applied to obtain smoother
signals [36].

After filtering and smoothing the input-output data for the CNS data-driven model, sta-
tistical tests were done to monitor and analyze the important source of pattern and variation
among the large data set. To observe the dependency of the 8 joints’ angle to each other,
cross-correlations were computed for each pair of joints of each subject through time.

In Figure 3 it is depicted the box plot of the cross-correlation between each pair of the joints,
with no time delay between them, during SEO and UEC trial among the population of the test.
As it can be observed, for the majority of the subjects, there was a high correlation between
the joints of the left and right legs (AnkL − AnkR, KneeL − KneeR, HipL − HipR). This is
consistent with the statement in [1], where the human standing in quiet stance can be modeled
by an inverted pendulum. On the other hand, the cross-correlation between other pairs of
joints indicates that the movements are not just around the ankle for all the subjects, which
is called ”ankle strategy” and the model can be inverted to a multiple link inverted pendulum
around different joints. Besides, it can be observed that in case of no vision and poor ankle
proprioception, as in the case of the UEC test, the correlation between the movement of ankle
and knee of the left leg was increased among the majority of subjects. The reason for this
rather contradictory result is still not entirely clear, but it is probably related to the theory of
uncontrolled manifold hypothesis (UCM) [27] where in lack of sensory information and more
challenging task, the brain tries to use the sensory data in a most favorable way and freezes
the degrees of freedom to maintain the balance with the optimal strategy.

4.2 Identification of the CNS

Since it was observed that there is a correlation between the kinematic data, the reduction unit
based on PCA was utilized to reduce the dimensions by considering the correlation between the
data. Here, it was obtained that five components can be explained 95% of the variance of the
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input data, thus the 8 joints angle observation data can be reduced to five principal components
for each subject. However, each individual has its unique distribution of input variables among
the principal components. In fact, although PCA is a powerful tool to reduce the dimension of
the system, which is more favorable in the ANN to avoid over-fitting, it cannot generalize an
interpretation of each component. Since the goal of this article is to reduced the dimension and
use the results for further analysis, the results are characterized as successful, while future work
should concentrate on further analysis on each proposed components. To predict the rectified
EMG signals from the reduction unit inputs by the NARX recurrent network, initially the
filtered data are scaled and normalized so that all the inputs-outputs are in a comparable range
and the global minimum of the cost function can be found faster. EMG signals are normalized
based on the recommendation method of maximum voluntary contraction (MVC) value [33].
In the sequel, to validate the performance of the model identification, the data were separated
to training 70% and testing datasets 30%, which means 31 subjects were selected randomly for
training the network and the rest of the subjects’ data were kept to validate the model.

The network characteristics for the training, such as the number of the hidden layers 1 layer,
the number of nodes at each layer 5 nodes and the input delays 150 msec, were selected to
minimize the error of the network prediction, while the criteria to measure the performance
and the error of prediction was the Root Mean Square Error (RMSE). To avoid over-fitting,
the training data was also split to train and validation sets and for training the network, the
Bayesian regularization back-propagation was selected. Figure 4 illustrates the 200 steps-ahead
prediction of the normalized, rectified and filtered EMG signals in SEO test scenario. For
better visualization, the results for three random subjects from the acquired test datasets are
presented. As it can be observed, the model can predict the EMG signals up to 200 steps ahead
1 sec with a high accuracy (RMSE ∼ 0.055 µV ). Remarkably, the model has the ability to
adapt to each individual subject. This flexibility of the proposed model for the postural control
to adapt to the changes of body characteristics of different subjects, makes it more preferable
from the classical PID controllers.

The performance of the model for different steps ahead prediction is illustrated in Fig. 5.
Expectedly, it can be seen that increasing the prediction time results in a bigger prediction error.
However, due to the overall proposed methodology, it has been identified from the obtained
results that the RMSE is kept small even in the case of the large predictions in time.

Moreover, to validate the performance of the CNS model to the changes of perceived multi
sensory inputs, the model was trained with a training set from combination signal of SEC, UEO
and UEC trials. Figure 6 presents the 200 step ahead prediction results for these scenarios
on three random subjects. For better visualization only the results for the tibialis anterior
muscle of left leg TAL are presented. The results show that the model is capable to adapt
to the changes in the input signals and predicts the normalized and rectified EMGs with high
accuracy (Average RMSE = 0.06 µV for all subjects in the test data set).

5 Conclusions

By utilizing the neuro-science hypothesis and adaptive control theory, a completely novel model
has been established for the CNS, based on an internal feedback model. As it has been indicated,
the proposed model was able to predict the output commands, based on a recurrent neural
network, while the efficiency of the proposed scheme has been demonstrated based on multiple
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experimental results. The overall scheme can adapt to physical body characteristics of different
subjects, the changes of multiple sensory inputs and successfully predict the muscle activity
based on the optimum number of sensory inputs.
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Replicating human brain mechanisms towards
balancing

Hedyeh Jafari, George Nikolakopoulos and Thomas Gustafsson

Abstract: Understanding the performance of the human brain to stabilize the body remains
an open fundamental research question. In this article, we study the hypothesis of internal
model of the Central Nervous System (CNS) by a novel proposed architecture based on a
recurrent neural network. The overall objective of the article and the main contribution stems
from demonstrating the capability of replicating the balancing mechanisms of the brain by
training the proposed bio-inspired network architecture with human balancing data and in the
sequel applying the resulting control structure for controlling a single link inverted pendulum.
Towards this direction, the body kinetics and kinematics measurements of forty-five subjects
during upright stance trails were collected and utilized for training the proposed neural network.
The efficacy of the proposed scheme will be proven through multiple simulation results with
a single link inverted pendulum, where it will be demonstrated that the brain-inspired control
scheme achieves a proper balance.

1 Introduction

Human brain has a magnificent mechanism to preserve the mechanically unstable human body
in a stable posture in any activity or condition. However, aging or injuries can reduce this ability
and cause fatal or nonfatal problems [1, 2]. To understand the human balance mechanism,
as well as assist and train the balance problem, assistive robotic applications, such as lower
limb exoskeleton or robotic prosthetics are emerging technologies that have received increasing
attention during the last decades [3]. However, controlling these robots, to be indistinguishable
from human in its motor control abilities, remains an open question in the computation motor
control field [4].

Towards answering this question, many researchers have focused on understanding the per-
formance of the Central Nervous System (CNS) as the main control system that it is continu-
ously actuating for stabilizing our posture, either by maintaining the balance, or by achieving
a specific posture. Until now the internal model hypothesis in sensorimotor integration has
received increasing attention [5, 6]. This hypothesis proposed that the CNS system is able to
predict the unknown changes in the environment and adapt to the changes in the physical body
and its environment. The first findings of [7] in internal model, verified an internal feedback
in the cerebellum that can predict the movement and reduce the errors, while this feedback is
called the efference copy, which is the copy of the motor command in the CNS.

Although the hypothetical assumption of the internal model that describes the adaptation
and motor memory in the CNS is agreeable for most of the researchers [4], its mathematical
and engineering interpretation is still controversial. A straightforward and practical approach,
which is widely used in robotic applications of balancing, is the Proportional Derivative (PD)
control scheme or a Proportional Integral Derivative (PID) controller [8, 9]. Regardless of
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its simplicity, this representation raises many research questions as follows. The relationship
between the motor commands and the movements, generated in the musculoskeletal system, is
not stable, since the body and its surroundings are both variable [6]. Therefore, it is necessary to
represent the nervous system as a controller that can adapt to these changes. Various adaptive
control schemes, such as the gain scheduling [10], the adaptive sliding control [11] or the model
predictive control [12], and their resembling biological internal model is reviewed in [5].

A recent review of the literatures on the controlling robotic balance applications [13, 14]
highlighted that due to the latest evolution in the area of computers and sensors, many re-
searchers are intended to collect data and utilize system identification and machine learning
algorithms to simulate the human inspired controller. For example, in [15] a neural network
based on the internal model was utilized to control the robot motion planing, or in the concept
of learning the CNS in [16] an inverted pendulum was stabilized by applying reinforcement
learning algorithms.
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Figure 1: Illustration of controlling a single link inverted pendulum by human inspired controller
obtained from human data.

Despite this interest, to the authors best of knowledge, there have been no attempts towards
the analysis of the internal model by identifying human data and replicating this system as
the main control scheme of the balance mechanism at robotic applications. Thus, the main
contributions of this article are two folds. Firstly, a novel system identification scheme of the
CNS in upright stance based on a recurrent neural network is being established. This approach
has been inspired by the internal model hypothesis by utilizing the angular position of the ankle
joint and the corresponding torque of human experimental data. An inherent novelty of the
proposed scheme stems from the ability of the proposed model to consider the neural feedback
transmission latencies in humans and to utilize the efference copy as an internal feedback. This
representation extends the previous work presented in [17], by now considering an overall torque
control framework, which can be directly linked to robotics or other applications in assistive
and rehabilitation balance devices. Secondly, the proposed structure is utilized to stabilize an
inverted pendulum in a feedback loop and by this, there is a direct attempt to demonstrate
the efficacy of replicating the human brain by applying the bio-inspired control structure on a
single link balancing pendulum. Furthermore, the proposed control scheme will be evaluated
towards its adaptability and overall disturbance attenuation in various pendulum use cases with
varying parameters and exogenous disturbance.
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The rest of the article is organized as follows. Section 2 establishes the methodology to con-
struct the proposed internal model based controller, while Section 3 describes the experimental
protocol and the overall data collection for further validations. In Section 4, the simulation
results are presented with proper discussion and analysis on the findings and finally in Section 5
the limitations are discussed with the corresponding perspectives for future work.

2 Methodology

The architecture of the overall proposed human inspired controller is depicted in Figure 1,
where the use case of a single link pendulum has been illustrated, while the generalization
of the scheme, towards the training and applicability in a multiple link inverted pendulum
is straightforward. The dynamics of the controller are being captured by the schema of the
internal modeling of the CNS presented in [17]. As it has been indicated, in the human balance
structure, the CNS receives the feedback joints kinematics, after the integration of multiple
sensory organs, such as vestibular, vision and proprioception and transmits the proper motor
commands to stabilize the body. In this article, the performance of the CNS is firstly identified
by the acquired human data from the upright stance. Later on, the trained controller is replaced
in the inverted pendulum control structure.

2.1 Identification of CNS

In the current view of motor control [6], the cerebellum feeds back a copy of the applied motor
command, the so-called efference copy, to predict the movement before the sensory feedback
is available and reduce the overall error, between the actual movement and the desired one.
Moreover, the internal model representation of the CNS needs to be robust to the delays in the
sensory feedback and adaptive to the changes of the body and its surrounding environment.

Inspired by the hypothesis of the internal model for the CNS, the performance of brain
in maintaining the balance in quiet stance can be identified by a Recurrent Neural Network
(RNN) [18]. To resolve the longtime dependencies in predicting time series and avoid vanishing
gradient [19], a Nonlinear AutoRegressive modeling approach, with eXogenous inputs (NARX)
is utilized. By this method, the ankle torque τankle ∈ R can be predicted as:

τ̂ankle(k) = g(τankle(k − 1), . . . , τankle(k − dy), u(k)

u(k − 1), . . . , u(k − du))

where u ∈ R is the measured ankle angular position, perceived from multi-sensory organs with
time delay of du ∈ Z+ and the function g(·) ∈ R is approximated by a feed-forward neural
network, with dy ∈ Z+ time delay of efference copy acting as an embedded memory [19, 20].
This network consists of two main components, represented by the adaptive correlation unit
and command generation unit. The adaptive correlation unit can be represented by one hidden
layer that receives the angular position u with a corresponding latency du and an efference copy
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with a corresponding delay dy as an exogenous input, which can be expressed as:

zq(k) = f(bh +
i=du∑
i=0

wihuu(k − i)+

m=dy∑
m=1

wmhy τ̂ankle(k −m))

(1)

where q ∈ {1, 2, . . . , N} with N ∈ Z+ denoting the maximum number of nodes in the hidden
unit, the function f(·) is an activation function, bh ∈ R is the bias of hidden layer, wihu ∈ R
and wmhy ∈ R are the weights of the hidden layer. The outcome of the proposed RNN unit is
denoted by Z(k) = {z1, z2, . . . , zN} and it consists of the adapted perceived posture, which will
be fed to the command generation unit to generate the proper torque, while its outcome can
be written in the following form:

τ̂ankle(k) = f ′(bo +

q=N∑
q=1

woqzq(k)) (2)

where f ′(·) denotes the activation function, bo ∈ R indicates the bias value and woq ∈ R are
the weights of the output layer. The predicted torque is calculated by minimizing the mean
square error between the estimated value τ̂ankle(k) and the real measured value τankle(k) by the
following cost function:

E(k) =
λ

l

j=l∑
j=1

(τ̂ jankle(k)− τ jankle(k))2

+
(1− λ)

n

i=n∑
i=1

w2
i (k)

(3)

where l ∈ Z+ is the number of training epochs, λ ∈ R is the performance ratio and W =
{wi| wi ∈ [Wh,Wo]} are all the weights used in both hidden and output layer. The second
term in (3) presents the regularization term that reduce overfitting to the actual data.

2.2 Inverted pendulum model

The human upright posture in a sagittal plane can be represented by a single link inverted
pendulum around the ankle joint [21] as illustrated in Fig.2, while the dynamic equations of
motion can be modeled as:

Figure 2: Single link inverted pendulum model
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Jθ̈ = mghsin(θ)−Kθ −Bθ̇ + τa + τd (4)

where θ is the angle of the pendulum tilting from the upright position, m is the mass of
the pendulum, h is the distance between the center of mass of the pendulum and the ankle
joint, J = mh2 is the inertia of the pendulum with respect to the joint, and g stands for
the gravitational acceleration. The passive elements representing the inherent damping and
stiffness of the ankle joint are presented by B and K respectively. The active torque, as an
actuator of the system and corrector of the ankle joint, is represented by τa and it can be
affected by the disturbance torque τd.

The active joint torque τa is generated in a closed loop by considering the time delay of z−du

in the trained controller from the human data. In order to obtain repeatable and comparable
results, the common push recovery strategy is used to model the disturbance τd, as appeared
in [22], where the disturbance is quantified as a force applied in a certain direction over a
specific time window as follows:

τd = P · hcos(θ) (5)

where P is the applied disturbance force in sagittal plane and simulated by a Gaussian function
as:

P (t) = Ae−(t−c)
2/2σ2

(6)

where A is the amplitude, c is the position of the peak and σ indicates the standard deviation.

3 Experimental data Collection

The data campaigns for collecting the balancing human data were accomplished in accordance
with the Helsinki declaration and approved by the Regional Ethical Review Board in Ume̊a,
Sweden (ref no. 2015-182-31). The trials were performed at the Human Health and Performance
Lab - Movement Science at Lule̊a University of Technology, Lule̊a, Sweden [23, 24], while a
written informed consent was acquired from all participants before participating in the study.

In these data collection experiments, forty-five participants, 27 women and 18 men with a
mean age of 75.2(±4.5) years, were examined in the analyses, with a mean height of 167.2(±9.9)cm,
and a mean weight of 73.0(±12.2)kg. The criteria for participating were: community living
residents, 70 years or older, adequate vision to read 100 pt. large block letters, able to stand
unassisted for 30 seconds or more and able to understand and process simple instructions in
Swedish. The motion kinematics were measured by a Motion Capture System from Qualisys
with eight cameras and at a sampling rate of 200 Hz. Moreover the motion capture was syn-
chronized with a force plate with a sampling at 3000 Hz that was utilized to measure the force
and corresponding torque from the humans in the balancing task.

The postural control in upright stance was examined during four different situations of
vision and proprioception of sensory systems. The subjects were asked to participate in the
following balancing tasks: a) to stand still for 30 seconds on a stable surface, while their eyes
were opened, b) the same scenario with the eyes closed, c) standing on a foam as unstable
surface, and d) standing on the foam, while their eyes were closed. During all the described
trials, the joint kinematics, the force, torque and Center Of Pressure (COP), were measured
with a sampling time of 5[ms], while the initiation of the tests in the case of the closed eye
trails, was specified by a marker on the measurements.
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4 Simulation Results

4.1 Training postural control model

By assuming that the sway around the ankle, in the frontal plane, is negligible, the measured
raw ankle angular position of both left and right leg, as well as the corresponding torque in
the sagittal plane, were used for performing the system identification. Prior to the identifica-
tion and training the neural network, the captured data were preprocessed and analyzed by
statistical methods as follows. First, to remove the baseline noise, the data were de-trended
and filtered by a moving average filter, using a fixed window of 20 samples. Subsequently, a
high correlation between both signals from the left and right ankle, of each subject, during the
upright stance trails was observed. Therefore, the mean value of the left and right ankles’ angle
was calculated and used for the identification task. To avoid overfitting, the data were divided
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Figure 3: Validation of prediction of joint torque for three random subjects. The solid blue line
shows the measured data and the dashed red line presents the predicted signal.

into two parts. The 70% of the data was selected for the training task and the rest 30% for the
validation of the overall suggested scheme. For the generality and considering the changes in
the sensory inputs, all the trials from different balancing task with changes in the vision and
proprioception mentioned in section 3, were considered for training the neural network. Thus,



4. Simulation Results 45

each subject, at each trial, has a signal within the period of 30[s] and a sampling in every
0.005[s]. Furthermore, the tanh was used as the activation function of the first layer (1) in
order to map the negative inputs and a linear activation function was used for the output layer
(2) to avoid constraining the range of prediction. The network was trained based on Bayesian
regularization backpropagation, which has the ability to provide a robust model and reduce
overfitting [25].

The input delay z−du of 30 samples (150[ms]) was selected by calculating the average time
lag in the cross-correlation of the joint angle and the related torque. This value correlates fairly
well with [26], which claimed a neural feedback transmission latency of about 200[ms]. The
output delay z−dy of (0.01[s]) and 5 nodes for the hidden layer, were selected empirically by
tuning the network. Fig. 3 depicts the results of 100 steps ahead prediction of the generated
torque, validated for three random subjects in the test dataset. As it can be observed, the
model is able to successfully predict the desired motor commands from the angular position
with a small error (RMSE ∼ 0.43[N.m]).
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Figure 4: Stabilizing a single link inverted pendulum with the bio-inspired proposed control
scheme trained by human data. The upper plot shows the generated torque from the controller
and the lower plot presents the angular position of the pendulum.

4.2 Inverted pendulum control

The angular acceleration of (4) was calculated numerically by a 4th order Runge-Kutta integra-
tion in MATLAB. The parameters of the pendulum were selected close to the body character-
istics of humans based on [27], with the values as: m = 65[Kg], h = 0.8[m], B = 1[N.m.s/deg]
and K = 1.5[N.m/deg].

Fig.4 presents the simulation results from stabilizing the inverted pendulum in case of an
initial angular position of θ0 = 1[rad] and the initial angular velocity of θ̇0 = 0[rad/s] as a
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Figure 5: Response of the control system to external disturbance. (a) shows the response of the
system to an impulse disturbance of 100[N ] applied at time 2[s] and (b) presents the response
to an impulse disturbance of 100[N ] applied at time 6[s]
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Figure 6: Applying different values of force as disturbances after stabilizing at steady state.
The system can handle up to 170N disturbance force, without passing the ground virtual line
90deg(1.57rad).



5. Discussion and future work 47

free fall, by the bio-inspired controller trained based on human balancing data. As it can be
observed from the obtained results, the proposed control scheme has the ability to stabilize
(regulate) the pendulum in an upright position.

The performance of the system in case of applying an impulse disturbance is shown in Fig.
5. A disturbance signal with the amplitude of 100[N ] is applied in free fall situation in two
scenarios, before reaching to its steady position 5a and 5b after reaching its stable position. It
can be seen that in such challenging situations controller is capable to stabilized the pendulum.
Furthermore, Fig. 6 indicates the maximum allowable disturbance that can be applied for
the inverted pendulum with the mentioned parameters, without passing the 90[deg](1.57[rad])
which is considered as the ground line.

The efficiency and robustness of the proposed control scheme in balancing the pendulum
have been also evaluated by considering cases with altered parameters for the system, such
as height and mass. As it can be observed from the obtained results depicted in Fig.7, the
controller can stabilize the pendulum without a need to re-tune the control parameters.

Finally, the efficiency of the proposed scheme has been evaluated towards a classical PID
scheme that has been properly and extensively tunned to achieve the best possible outcome.
The outcome of this comparison is being depicted in Fig. 8 where it can be observed that
the proposed bio-inspired scheme has the capability to provide a controlled response being
characterized by the same overshoot and the same settling time, when compared to the PID
controller. In this response the non-linear characteristic of the activation functions is evident
in the response of the neural controller, while a different selection of the PID gains could result
in lower overshoots or faster settling times. However, the main objective of this comparison
is to demonstrate the effectiveness of the proposed scheme and provide a direct indicative
comparison with one of the most established control schemes. At this point it should be also
highlighted that the further training of the neural network, by additional data sets, would result
in a potential improvement of the overall performance.

5 Discussion and future work

Towards a bio-inspired control scheme for robotic applications with a special focus in creating
human balance assistive apparatus that have the ability to operate similar to the human motor
control mechanisms, we tried to identify a postural control model based on human data, inspired
by the internal model hypothesis. As it has been successfully demonstrated, the proposed
controller can predict the generated torque command by considering time delays in the CNS
and has an overall reaction time close to the human neuroskeletal system. We evaluated the
obtained controller to stabilize a single link inverted pendulum by applying disturbances and
varying parameters in the utilized model.

Although the presented approach has been considered successful, the following aspects
should be considered in future work for the further generalization and robustification of the
overall proposed scheme. The utilized data was restricted to elderly people who have the most
challenging balance behavior. As a future work, the identification of postural control should
be validated by data from different variety of subjects with or without balancing disorders.
Although the assumption of a single link inverted pendulum around the ankle for small sway in
upright stance is satisfactory, for better generalization of the proposed scheme and considering
the fact that aging or balance related diseases can change the balance strategy, such that other
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Figure 7: Pendulum balancing under varying parameters of the utilized model, without a
repeated training of the overall control scheme.
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Figure 8: Comparison of the proposed bio-inspired control scheme with the classical tunned
PID controller.
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joints like hip and knee act to control the body in upright stance [28,29], the model of inverted
pendulum should be extended to two or three links with additional extended experimental
evaluations.
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Stabilization of an Inverted Pendulum via
Human Brain Inspired Controller Design

Hedyeh Jafari, George Nikolakopoulos and Thomas Gustafsson

Abstract: The human body is mechanically unstable, while the brain as the main controller, is
responsible to maintain our balance. However, the mechanisms of the brain towards balancing
are still an open research question and thus in this article, we propose a novel modeling archi-
tecture for replicating and understanding the fundamental mechanisms for generating balance
in the humans. Towards this aim, a nonlinear Recurrent Neural Network (RNN) has been
proposed and trained that has the ability to predict the performance of the Central Nervous
System (CNS) in stabilizing the human body with high accuracy and that has been trained
based on multiple collected human based balancing data and by utilizing system identification
techniques. One fundamental contribution of the article is the fact that the obtained network,
for the balancing mechanisms, is experimentally evaluated on a single link inverted pendulum
that replicates the basic model of the human balance and can be directly extended in the area
of humanoids and balancing exoskeletons.

1 Introduction

Maintaining balance of the human body, is a dynamic operation of the human brain to com-
pensate for the limitation of passive stiffness of the joints and neural transmission delays to
the gravitational force [1]. The performance of this continuous neural control can be effected
by injuries or aging [2, 3], therefore, studying the human motor control and in parallel, de-
veloping assistive robotic applications, such as lower limb exoskeletons or robotic prosthetics,
are attracting increasing interest nowadays [4]. However, the mathematical representation of
the brain mechanisms, and specifically our Central Nervous System (CNS) as our body main
controller, is still an open question in the computational motor control field [5]. Besides, tech-
niques to control these robotic applications to be identical to the human motor control, have
not yet been developed.

There is a considerable amount of the literature on the hypothetical representation of the
CNS to stabilize the body in any posture or activity. Among the most widespread hypothesis
are the internal models of CNS [6,7]. Based on this theory, CNS can predict the movement by
an internal feedback control called efference copy and adapt itself to the changes in the human
body and its environment [5,8]. However, the mathematical representation of this assumption
is still questionable.

On the other hand, in most of the robotic applications in balancing, the Proportional
Derivative (PD) control scheme or a Proportional Integral Derivative (PID) controller are widely
used [9,10]. Despite from simplicity, these approaches are still disparate from the human neural
control and cannot answer how the brain can generate motor commands to the musculoskeletal
system by integrating multi-sensory signals with neural feedback transmission delay and adapt
to the changes of body and its environment [7].

In the related literature, there have been many attempts to present the nervous system as
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an adaptive controller with different methodologies, such as the adaptive sliding control [11],
the gain scheduling [12] or the model predictive control [13], and their resembling biological
internal model is reviewed in [6]. However, in the recent articles on this topic [14, 15], and by
utilizing the latest developments in computing and sensor technology, system identification and
machine learning, the corresponding algorithms are becoming more attractive. In [16] authors
have used deep reinforcement learning as a controller for a humanoid robot, or in [17] to control
the robot motion planning a neural network based on the internal model was used and in [1]
authors simulated a reinforcement learning algorithm to stabilize an inverted pendulum.

However, to the best of our knowledge, there are few articles that have studied the controller
of balance robotic applications based on human data. In [18,19] we proposed a novel conceptual
scheme for the modeling of the CNS in an upright posture that has been verified by human
data and can be used as a controller of an inverted pendulum as the main model for most of
the balance robotic applications. As an extension, in this work, we experimentally evaluate
the proposed scheme with the following additional contributions. First, the performance of
the proposed human inspired controller is evaluated on a real application, while guaranteeing
real-time performance. Second, multiple experiments verify the performance of the presented
controller with various parameters of the inverted pendulum, including the existence of an
exogenous disturbance. Finally, its performance is compared with a tuned PID controller. This
finding is a new concept towards controlling of balance robotic applications that can resemble
a human motor control system.

Figure 1: Illustration of controlling a single link inverted pendulum by a human inspired control
scheme trained from multiple gathered human data.

The rest of the article is structured as follows. The methodology of the proposed problem
is presented in Section 2, followed by the description of the experimental data collection and
the establishment of the inverted pendulum set up in Section 3. In Section 4, the experimental
results are presented with corresponding comparison and discussion and finally the article is
concluded in Section 5.

2 Methodology

Figure 1 illustrates the schematic of proposed architecture to stabilize an inverted pendulum
in a feedback loop by the human inspired controller. The dynamics of the proposed controller
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are inspired by the internal modeling of the CNS and have been trained and verified by the
collected human data.

In the human balance structure, the CNS generates proper motor commands to the mus-
closkeltal system by integrating the feedback joint kinematics affected by different information
from multistory organs, such as vestibular, vision and proprioception [7]. The internal model
hypothesis of the CNS indicate that a CNS has an internal feedback loop, the so called efference
copy, to reduced the error between the actual and desired posture. This hypothesis also claims
that CNS should be able to predict the motor commands regardless of any time delay in the
sensory feedback perception data and adapt itself to the changes in the human body or its
surrounding environment [20].

Considering these conditions, the structure of the internal model of CNS can be presented
by a recurrent neural network (RNN). This method can predict the output by processing the
sequence of input and internal feedback memory [21]. Since the data to be predicted are time
series and to avoid longtime dependencies and vanishing gradient problem, a Nonlinear auto
regressive modeling approach, with exogenous inputs (NARX) was applied [22]. Based on this
method, the output of the network that in this case it is the ankle torque τankle ∈ R can be
predicted as:

τ̂ankle(k) = g(τankle(k − 1), . . . , τankle(k − dy), u(k)

u(k − 1), . . . , u(k − du))

where u ∈ R is the input of the network with a time delay of du ∈ Z+, which is measured
as the ankle angular position, perceived from multi-sensory organs. The effernce copy can be
explained by τankle(k−dy) with dy ∈ Z+ the time delay as an embedded memory and exogenous
input [23]. The overall function g(·) ∈ R that predicts the current ankle joint, can be divided
into two layers: a) the adaptive correlation unit and b) the command generation unit. First,
in the adaptive correlation unit the angular position u and the exogenous output τankle(k− dy)
with the corresponding delays are received and the output is generated as it follows:

zq(k) = f(bh +
i=du∑
i=0

wihuu(k − i)+

m=dy∑
m=1

wmhy τ̂ankle(k −m))

(1)

where q ∈ {1, 2, . . . , N} with N ∈ Z+ is the number of nodes, bh ∈ R, wihu ∈ R and wmhy ∈ R are
the bias, weights of input and weight of the exogenous input in this layer, respectively, while
f(·) is the tanh activation function to map the negative inputs. In the sequel, the outcome
of this layer Z(k) = {z1, z2, . . . , zN} is sent to the command generation unit where the proper
joint torque is estimated as:

τ̂ankle(k) = h(bo +

q=N∑
q=1

woqzq(k)) (2)

where h is the linear activation function, with bo ∈ R and woq ∈ R to represent the bias value and
the weights of this layer, respectively. By this configuration, the predicted torque is calculated
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by minimizing the following cost function:

E(k) =
λ

l

j=l∑
j=1

(τ̂ jankle(k)− τ jankle(k))2

+
(1− λ)

n

i=n∑
i=1

w2
i (k)

(3)

where l ∈ Z+ is the number of training epochs, λ ∈ R is the performance ratio and W =
{wi| wi ∈ [Wh,Wo]} are all the weights used in both hidden (adaptive correlation) and output
(command generation) layers. The second term in (3) indicates the regularization term, which
avoids the over fitting of the network to the trained data.

Figure 2: Software and hardware set-up configuration.

3 Data collection and experimental set up

3.1 Data collection

The human data were collected at the Human Health and Performance Lab - Movement Science
at Lule̊a University of Technology, Lule̊a, Sweden [24, 25] in accordance with the Helsinki
declaration and was approved by the Regional Ethical Review Board in Ume̊a, Sweden (ref no.
2015-182-31).

Data was collected from forty-five participants, 27 women and 18 men with a mean age of
75.2(±4.5) years, a mean height of 167.2(±9.9)cm, and a mean weight of 73.0(±12.2)kg. All
the participants were community living residents able to read 100 pt, large block letters, could
stand unaided for 30 seconds or more and were able to perceive simple instructions in Swedish.

Body kinematics were measured by a Qualisys motion Capture System with eight cameras
and with a 200 Hz sampling rate. The body kinetics such as the force, the torque and the
Center of Pressure (COP) were measured by a force plate with a sampling at 3000 Hz that
was synchronized with the Qualisys Track Manager (QTM) software.

To consider the changes in the sensory motor system, such as vision and proprioception, the
subjects were asked to stand still for 30 seconds in four different scenarios: a) upright stance
on a stable surface while eyes were opened, b) upright stance on a stable surface with closed
eyes, c) standing on the foam with open eyes, and d) standing on the foam with closed eyes.
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The measured angular position of the ankle and the relevant ankle torque from all the trails
were used to train the Recurrent Neural Network (RNN).

3.2 Experimental inverted pendulum setup

The single link inverted pendulum, depicted in Fig.3, is controlled by a DC motor (Pololu
25 mm − diameter Metal Gear-motor with 47 : 1 gear) coupled with a 10 [kOhm] rotary
potentiometer as an absolute position sensor. At the coupling element, a carbon fibre rod with
an extra load, is installed. Two rods with different lengths (65 [cm] and 25 [cm]) are used to
check the effect of changing the length parameter on the controller.

Figure 3: Inverted pendulum hardware setup.

Finally, an Arduino Mega ADK with an Adafruit Motor Shield V2 are utilized to control
the motor speed and direction.

As it is shown in Fig.2, the rosserial-python serial-node protocol is used to connect the
hardware setup to the main PC. The controller is then implemented in Matlab/Simulink envi-
ronment that is coupled with the robotic operation system (ROS) [26].

4 Experimental results

4.1 Identifying the controller

The raw data of the ankle angular positions and the corresponding torques in the sagittal plane
are sampled at 200[Hz]. Since there is a high correlation between left and right ankle positions
in upright stance, the mean signal of the left and right ankles’ angle is chosen for the angular
position of each subject. First, the signals of each subject are detrended and the base line
noise is filtered. To train the network, signal data of all the subjects at different mentioned
trails are divided into two sets: 70% for training and 30% validation sets to avoid over fitting.



60 Paper C

0 5 10 15 20 25 30

-2

0

2

4

6

T
o

rq
u

e
 [

N
.m

]

S
u

b
je

c
t 

#
1

Measured Predicted

0 5 10 15 20 25 30
-4

-2

0

2

T
o

rq
u

e
 [

N
.m

]

S
u

b
je

c
t 

#
2

0 5 10 15 20 25 30

Time [s]

-6

-4

-2

0

2

4

T
o

rq
u

e
 [

N
.m

]

S
u

b
je

c
t 

#
3

Figure 4: Prediction of ankle torque for three random individuals. The solid blue line presents
the measured Torque and the dashed red line shows the predicted Torque.
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The NARX network has 5 nodes at the hidden layer, and the Bayesian regularization back
propagation training method is utilized to have a robust model and avoid overfitting [27]. The
input and output delays are chosen initially based on the cross-correlation between the input
and output signals and later are tuned empirically to find the best performance. Thus, an
input delay of z−du of 30 samples (150 [ms]) and output delay of z−dy of (0.01 [s]) has been
selected. At this point it should be also mentioned that these values fit well with the findings
of the neural transmission latencies presented in [28].

Figure 4 shows the 100 steps ahead prediction of joint torque for three random subjects in
the validation data set with the prediction error of RMSE ∼ 0.43[N.m]).

4.2 Stabilizing the inverted pendulum

The real time experimental performance of the controller for the task of stabilizing the inverted
pendulum from the horizontal position, is presented in Fig. 5. As it is shown, the controller
is able to maintain the balance of the pendulum from the horizontal position (−90◦) to the
upright position (0◦) in almost 5 [s].
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Figure 5: Stabilizing the inverted Pendulum from the horizontal initial position by the pro-
posed control scheme trained by human data. The upper plot shows the angular position of
the inverted pendulum and the lower plot shows the manipulated variable generated by the
controller.

Figure 6 presents the performance of the controller in case of different disturbances applied
to the setup. As it has been indicated from the presented results, the proposed controller has
the ability to stabilize the pendulum even in the case of disturbances being characterized by



62 Paper C

0 10 20 30 40 50 60

−20

0

20

40

60

θ
[d

eg
]

Angular position Ref

0 10 20 30 40 50 60

−10

−5

0

5

Time [s]

T
or

q
u
e

[N
.m

]

Figure 6: Stabilizing the pendulum by human-inspired controller after applying point distur-
bances. The maximum peaks indicate the time where these disturbances have been applied to
the set up.
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Figure 7: Stabilizing the pendulum after applying disturbances with PID controller. The
maximum peaks indicate the time where these disturbances have been applied to the set up.
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large amplitudes, while the settling time after the disturbance is fast and in the range of 1-2
secs.

The robustness of the controller to changes in the system, such as length of the inverted
pendulum, is evaluated by experimenting a shorter rod. Figure 8 shows that the controller,
without any tuning, is able to stabilize the pendulum with a slightly larger settling time. This
can be improved by training the network by applying different variety in the selected data
sets. Following link provides a video summary of the overall results: https://youtu.be/

rIvPQagVpVs.
Furthermore, in order to compare the efficiency of the proposed control scheme with the

prevailing controllers, a PID controller is implemented and tuned properly by exhaustive ex-
perimental trials. As shown in Fig. 7, the PID controller can stabilize the inverted pendulum in
a shorter time. However, comparing the generated torque, from the proposed control scheme,
with the PID controller, the nonlinear characteristics of the activation function are noticeable
in the neural controller, while the overall response is almost similar to the inverse dynamic
of the set-up. It should be highlighted that the purpose of this comparison is to demonstrate
the efficiency of the presented scheme, while the advantage and the main contribution of the
proposed controller over the model-free state-of-the-art controllers, is similarities to the human
brain performance which can maintain balance of an inverted pendulum, regardless the number
of links, by a single controller.
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Figure 8: Balancing the inverted pendulum by utilizing a human brain inspired controller for
the case of smaller rod (25mm). The max peaks present the time of the applied disturbances.
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5 Conclusion and future work

This study has provided an experimental evaluation of a human-brain inspired control scheme
that has the ability to mimic the human motor control system to maintain the balance. The
obtained results satisfactory proving that the mentioned controller can stabilize the inverted
pendulum, as a main model of the human body, while inheriting the neural feedback latencies
in the CNS. This approach has the additional potential to be further evaluated to more com-
plicated applications of balance robots in order to demonstrate the applicability of the human
balancing mechanisms in artificial apparatuses.

The data set utilized in this work was from an elderly group with various challenges in
standing still in order to validate the performance of the proposed method in the most chal-
lenging cases. However, on a wider level, additional research is also needed to validate and
train the controller with a data set with different variety of age, height and mass in the sub-
jects. Additionally, this approach can be extended to multiple joints and multi-links inverted
pendulum.
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On the Fear of Falling Detection by Moving
Horizon Estimation

Hedyeh Jafari, Sina Sharif Mansouri, George Nikolakopoulos and Thomas Gustafsson

Abstract: Fear of falling (FoF) is a major health problem, especially in elders, which can
lead to falls, injury, loss of independence, and premature needs of nursing and assistance.
However, most of the studies have focused on the psychological aspect of the FoF and there
is a significant lack of technological assistance and methodology to detect and eliminate the
effects of this fear on maintaining balance. In this article, we propose a novel method to
detect the FoF as a quantitative signal. In our proposed novel approach, fear is considered as
an internal disturbance inside a Central Nervous System (CNS) that can affect the generated
output torque to each joint of the psychical body. By assuming the human body in a quiet
stance, as an inverted pendulum model, this disturbance signal is estimated by Moving Horizon
Estimation (MHE). For this purpose, the body kinetics and kinematics measurements of forty-
five subjects during upright stance trails, as well as the psychological FoF fall-efficiency test
were collected and utilized for the estimation and validation of the results. The experimental
results show that the subjects with FoF present a higher variation in the estimated signal. This
method can sufficiently detect the FoF by the posturographic and motion data, which can be
utilized on the future assistive devices for prevention and treatment of the FoF and falls.

1 Introduction

Basophobia or the Fear of falling (FoF) is a feeling related to the risk of falling that is not
necessarily a psychological result of a fall [1], while aging and decline in the postural and
musculoskeletal systems can increase the prevalence of this fear [2]. Nowadays, the FoF is a
significant predictor of falls, while in the community-dwelling, older adults who suffer from
FoF, are more likely to fall [3]. Furthermore, FoF can precipitate limitation of mobility and
activities, a decline in social interactions that might cause loss of independence and the need
for admission into nursing homes [4]. Since the life expectancy and the population of older
adults is increasing worldwide, FoF is a major clinical and public health problem that needs
considerable attention.

Until now, diagnosing of FoF has been considered in many studies [2]. Falls Efficacy Scale
(FES) and a modified version, Falls Efficacy Scale-International (FES-I), are the most popular
tests to detect the fall-related concern during daily psychical and social activities [5]. In fact,
these tests are mainly a questionnaire instrument that evaluates the self-efficacy to do daily
activities without a balance problem. In [6], authors have used posturography of the subjects
in a standing posture and it was found a significant relationship between some of the posturo-
graphic parameters and fall risk factors, such as FoF. Despite this interest, and to the best of
our knowledge, there have been no attempts for developing methods to measure the fear as a
quantitative value.

On the other hand, in the motor control field of studies, in the human balance system,
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the Central Nervous System (CNS) as the main controller, receives information from different
modalities of the sensory system such as visual, vestibular, and proprioception in a closed
feedback loop. Based on the integration of these data, it sends the proper motor command
to the musculoskeletal system to stabilize the body [7, 8]. However, any internal or external
disturbances can affect the performance of the human balance system and result in a fall. Also,
fear is a chain reaction that happens in the brain that starts with stimuli and ends with the
release of chemicals [9]. Therefore, it can be assumed that FoF is an internal disturbance inside
the nervous system that increases the error in the motor command and can be estimated by
state estimation methods in control theory.

Moving Horizon Estimation (MHE) like other state estimation, can rebuild the full states
of the system from noisy measurements as well as the overall model of the system [10]. Ex-
ternal forces or disturbances can be also assumed as states of the system. MHE can solve the
estimation problem as an online optimization problem and it is able to handle complex non-
linear dynamic models and inequality constraints [11, 12]. Besides, since MHE considers the
past measurements to estimate the current time, the estimation result is more robust against
disturbances and delayed measurements [13]. These advantages of MHE make it more attrac-
tive when compared to the classical state estimators, such as Kalman filter (KF) or Extended
Kalman Filter (EKF). For the past decade, the computation time of the MHE optimization
problem was an issue; however, with current solvers for nonlinear optimal control problems,
such as Proximal Averaged Newton-type method for Optimal Control (PANOC), the MHE can
be solved in real-time with high accuracy [14,15].

This article proposes a new technical approach to detect the FoF by assuming it as an
internal disturbance inside CNS that is estimated by MHE. Within the framework of these
criteria, the contribution of this work has three folds. First, to the best of our knowledge, it
is a first attempt to detect FoF as a quantitative value by posturographic and motion data.
Second, the FoF is considered as an internal disturbance inside CNS which affect the generated
torque to the joints of the human body. The human body in quiet stance, a posture where the
body’s Center Of Mass (COM) is regulated around the ankle joint, is similar to an inverted
pendulum model [16]. Thus, this disturbance is estimated with MHE through PANOC solver.
Finally, the methodology is validated by the most common psychological measurements FES-I
where the subjects with high FES-I index have significantly higher variation in the estimated
signal. This shows the effectiveness of this method and provides initial works for a new way to
diagnose and treat the FoF.

The rest of the article is structured as follows. Initially, the methodology is explained in
Section 2, followed by an explanation of the human body model and the fast MHE. Section 3
describes the experimental protocol and the overall data collection for further validations. In
Section 4, the simulation results are presented with proper discussion and analysis on the find-
ings and finally in Section 5 the limitations are discussed with the corresponding perspectives
for future work.

2 Methodology

The schematic of the human balance system is illustrated in Fig. 1. As it has been indicated,
the CNS receives the feedback joints kinematics (θ, θ̇), after the integration of multiple sensory
organs, such as vestibular, vision and proprioception and transmits the proper motor com-
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mands (τj) to stabilize the body, while considering the joints intrinsic damping and stiffness
(Bpass, Kpass). FoF can be assumed as a unit inside the CNS that generates disturbance torque
(τf ). This disturbance torque is later estimated by the MHE from the measured kinetics (τj)
and kinematics (θ) of each individual subjects and the inverted model of the human body.

Figure 1: The human balance scheme with the CNS as the main controller of the human body.
The FoF is presented as block inside the CNS, which affects the generated torque τa.

2.1 Inverted pendulum model

The human upright posture in anterior-posterior direction can be represented by a single link
inverted pendulum around the ankle joint [16], while the dynamic equations of motion is de-
scribed as:

Jθ̈ = mgh sin θ −Kθ −Bθ̇ + τa + τf , (1)

where θ ∈ R and θ̇ are the angular position and angular velocity of the ankle, m ∈ R+ is the
mass of the human body, h ∈ R+ is the distance between the center of mass and the ankle joint,
J ∈ R+ is the moment of inertia of the body around the ankle, and g stands for the gravitational
acceleration. The passive elements representing the inherent damping and stiffness of the ankle
joint are presented by B ∈ R+ and K ∈ R+ respectively. The active torque, as an actuator of
the system and corrector of the ankle joint, is represented by τa ∈ R, which is affected by the
disturbance torque τf ∈ R. In this configuration, the states of the system are X = [θ, θ̇, τf ]

>,
and the control input is U = [τj].
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2.2 Moving horizon estimation

The equation of motion, described in Eq. (1), can be presented in the discrete time form as:

Xk+1 = F(Xk, Uk) +Wk, (2a)

Yk = H(Xk) + Λk, (2b)

where F : Rns × Rnu → Rns is a nonlinear function describing the dynamics of the system,
H : Rns → Rnm is a linear vector function of the states X, and Y = [θ] is the measured output.
The number of states, inputs and measurements are presented by ns, nu, nm respectively. The
measurement noise and model disturbances are presented by Λk ∈ Rnm and Wk ∈ Rns respec-
tively. It is assumed that the unknown process disturbance Wk, as well as the measurement
noise Λk, are randomly distributed according to the Gaussian Probability Density Function
(PDF) with the covariance matrix of R ∈ Rnm×nm and Q ∈ Rns×ns [17]. Furthermore, the
prior information about the initial condition are assumed to be available and presented by X̄0.
The initial PDF of the state vector is also assumed to be distributed according to the Gaus-
sian PDF with the covariance matrix of P ∈ Rns×ns . Based on the information about random
noises, and a set of available noisy measurements Y = {Yj : j = 1, ..., Np} and states of system
X = {Xj : j = 0, ..., Np}, MHE can be solved by the following optimization problem:

min
X(k−Np|k),W

(k−1|k)
(k−Np|k)

cost(k)

s.t.

Xi+1|k = F(Xi|k, Ui|k) +Wi|k

Yi|k = H(Xi|k) + Λi|k i = {k −Np, . . . k − 1}
Wk ∈ Wk, Vk ∈ Vk, xk ∈ Xk

(3)

where,

cost(k) = ‖Xk−Np|k − X̄k−Np|k‖2P−1︸ ︷︷ ︸
arrival cost

(4)

+
i=k∑

i=k−Np

‖Yi|k −H(Xi|k)‖2R−1︸ ︷︷ ︸
stage cost

+
i=k−1∑
i=k−Np

‖Xi+1|k −F(Xi|k, Ui|k)))‖2Q−1︸ ︷︷ ︸
stage cost

In Eq. (3)-(4), W
(k−1|k)
(k−Np|k) = col(W(k−Np|k), . . . ,W(k−1|k)) are the estimated process disturbance

from time k−Np up to k−1, estimated at time k ∈ Z+ and Np ∈ N is the size of the estimation
window.
The first term of the objective function in Eq. (4), is called arrival cost and it is weighted
by P , while it relates to the uncertainty in the initial states at the beginning of the horizon
and it represents the error between the observation model and the the predicted initial state
X̄(k−Np | k). In other words, the arrival cost is the memory of the estimation that summarizes
the information about the previous behavior of the system and the measurements up to the
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estimation window. The second and third terms are called stage cost with ‖Yi|k − H(Xi|k)‖2,
weighted by R, and it is the bias between the measured output and the estimated state and
‖Xi+1|k −F(Xi|k, Ui|k)))‖, weighted by Q, is the estimated model disturbance.

At every time instant k, a finite-horizon optimal path with a horizon window of Np is
solved and a corresponding estimated states and external forces sequence of X?

k−Np|k, . . . X
?
Np|k

is obtained. The final estimated state X?
Np|k is fed to the controller. For the time less than the

horizon window of size k = {0, . . . , Np − 1}, and until the window is completed, the objective
function is replaced by:

cost(k) = ‖X0|k − X̄0|k‖2P−1 (5)

+
i=k∑
i=0

‖Yi|k −H(Xi|k)‖2R−1

+
i=k−1∑
i=0

‖Xi+1|k −F(Xi|k, Ui|k)))‖2Q−1

In this novel proposed scheme, the smoothing approach [17] is used for transferring the
arrival cost term in Eq. (4), with only one time-step before the window is used for the arrival cost
approximation. In fact, it is desired to use X?

(k−Np)
= X?(k−Np|k), including the measurements

up to time k − Np. Due to the shorter distance between the initial estimate and the desired
estimate, the smoothing update leads to better performance in stability and convergence of
MHE. The algorithm 1 presents a summary of implementation of the MHE.

Algorithm 1 The MHE algorithm.

Require: P,Q,R, X̄0, Np;
1: while k ≤ end time of simulation do
2: if k ≤ Np then
3: initialize {X0,W0};
4: solve the Eq. (5) and obtain X?

k ;
5: else
6: Update {Xk−Np|k,W

(k−1|k)
(k−Np|k)};

7: Solve the MHE by Eq. (3)-(4), obtain X?
k ;

8: Save the last measurements;
9: Move the horizon window;
10: end if
11: k = k + 1;
12: end while

Moreover, MHE can be solved with PANOC [15] with a single shooting formulation, while
the gradient of objective function is obtained from automatic differentiation [18] in CasADi [19].
In general, PANOC combines projected-gradient updates with fast Newton-type directions by
L-BFGS [20], while it uses the Forward Backward Envelope (FBE) function. Due to the use of
the FBE-based line search, from any initial guess PANOC converges globally. This algorithm
can handle a large window size Np and the MHE with dimension of Np×ns decision variables,
can be calculated approximately in real-time.
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3 Data collection

Forty-five healthy subjects, 27 women and 18 men, with mean age 75.2(±4.5) years, mean height
167.2(±9.9)cm, and mean weight 73.0(±12.2)kg participated in this study. The experiments
were performed at the Human Health and Performance Lab at Lule̊a University of Technol-
ogy, Lule̊a, Sweden. The study was executed in accordance with the Helsinki declaration and
approved by the Regional Ethical Review Board in Ume̊a , Sweden (ref no. 2015-182-31).
The acquired data is part of a larger project [21, 22], where participants were recruited from a
community in Northern Sweden.

The participants were asked to stand up straight, look at the dot on the wall and stand still
as possible for 30s. The kinetic data were measured by a force plate with a sampling frequency
of 3000 Hz. The angular position of the joints was collected by a Qualisys motion Capture
System with eight cameras and with a 200 Hz sampling rate. All data were synchronised
through a stationary computer with the Qualisys Track Manager (QTM) software. Figure 2
shows a subject standing upright in the trail.

Figure 2: A subject standing still during the experiment.

The FES was measured with the Falls Efficacy Scale-International, Swedish version FES-I,
which is a questionnaire instrument with 16 items [23]. Each question has a Likert scale of 1
(not at all concerned) to 4 (very concerned). The results are indexed from 16 to 64, where 16
shows no concern and 64 presents that the subject is highly concerned of falling. The maximum
score in the data set was 33 with a mean value of 21.

4 Results

The parameter of the inverted pendulum model, such as J , m, and h are specified according
to the measurements of each subject. The passive elements are set based on the average value
determined in [24] with the value of Bpass = 57.29 N.m.s.rad−1 and Kpass = 85.94 N.m.rad−1.
Since in upright stance the body is swaying around the ankle, the ankle torque (τj) can be
approximated from the force plate. Both the ankle torque (τj) and the ankle angular position
(θ) signals of each subject are detrended to remove the sensors drifts. Subsequently, a high
correlation between both signals, from the left and right joints of the body, of each subject,
during the upright stance trails was observed. Therefore, only the right side of body joints were
chosen for the estimation.

The horizon window of MHE Np is set to 40, while the weights of the cost terms of MHE
were set correspondingly as: (P = 2 × I3×3, Q = I3×3, R = I) and I presents the Identity
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matrix. The results are obtained on a computer with an Intel Core i7-6600U CPU, 2.6GHz and
12GB RAM.

4.1 FoF estimation

Figure 3 presents the estimation results for two random subjects in the experimental data set.
As it can be observed from the obtained results, the estimator can sufficiently estimate the
measured angular position of the ankle’s θ, the unknown states of the angular velocity θ̇ and
the internal torque disturbance τf . The Root Mean Square Error (RMSE) of the estimation,
for the measured angular positions for this two subjects, are 0.0007 rad and 0.0001 rad.

The computation time of the MHE, which is implemented in PANOC is provided in Fig. 4.
In this case, the average computation time is 0.038 sec, which indicates the ability of the solver
to solve the MHE with a large horizon window of Np = 40.

Figure 5 depicts the estimation of the internal force τf for the subjects with the lowest
concern of falling (FES − I = 16) and the subjects with higher concern of falling (FES − I ≥
27). It can be seen that for subjects with less score of fear, the estimation of this disturbance
torque is almost zero, while for subjects with higher concern, this disturbance torque has more
variation.

The comparison of Standard deviation (Std) of the estimated internal disturbance torque
with the score of FES-I of all subjects in the data set is provided in Fig. 6. It can be observed
that the Std of the disturbance torque τf for subjects with FES − I ≥ 24 is higher than most
of the subjects with FES − I < 24. Although there exist some outliers, the relation between
the FES-I and the disturbance torque τf is roughly linear. However, by increasing the data
samples, a precise mathematical model of this relation can be obtained as a future study.

4.2 Discussion

Quiet standing is usually considered as swaying around the ankle and is called “ankle strategy“;
in which the ankle torque maintains the Center Of Mass (COM) over the base of support. By
aging or in case of disturbances, other joints, such as hip, may involve to maintain the balance
and prevent fall [25]. The “Hip strategy“ is characterized by motion at the trunk, which causes
the re-positioning of COM. However, how the brain decides to activate a joint or a combination
of joints is still an open question [26].

In this research article we study the effect of FoF on the variation of the ankle and hip joints
of each subject by finding the ratio of the changes of Std of the angular position of ankle joint
(θankle) and hip joint (θhip) as:

Ratio = Stdankle/Stdhip. (6)

Therefore, Ratio ≥ 1 describes a higher variation in the ankle and represents the ankle strategy,
while the Ratio < 1 can be assumed as a hip strategy.

Figure 7 shows the effect of FES-I score on the Std ratio. This figure reveals also that by
increasing the concern and fear of falling, the majority of the subjects use the ankle strategy.
However, the hip strategy is commonly used for the majority of subjects with a low score of
FES-I. This reduced utilization of other joints in subjects with FoF, may be a result of the effect
of fear and anxiety on the joint and muscle tension, while further conclusions in this direction
are beyond the scope of this article and require further investigation.
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Figure 3: Estimation of measured angular position of ankle θ, angular velocity θ̇ and internal
torque disturbance τf for two random subjects, shown by blue and black color, in the data sets.
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Figure 4: The computation time of the solver.
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5 Conclusion

In this article, a novel method to estimate FoF has been established, where the FoF can be
considered as an internal disturbance inside the CNS. With the knowledge about the dynamics
of the body and by measuring the angular position as the system output and the joint torque
as a control output, this disturbance can be estimated by MHE through the fast solving of an
optimal control problem PANOC. The results validate the performance of this estimation and
indicate that a higher disturbance is applied to the joint torque to stabilize the body in people
with a high concern of falling. This study can be investigated further, by a bigger sample
size and in different age groups and other body postures, such as walking or stepping. This
scientific results could be also a starting point towards the technical measurement of FoF that
could eventually lead to the design of assistive devices for intervention and treatment of FoF.
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