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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. Keywords: Internal model, recurrent neural
network, human motor control, postural control

I. 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 performance of the Central
Nervous System (CNS) as the main control system that it is
continuously 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.
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Although the hypothetical assumption of the internal mo-
del that describes the adaptation and motor memory in the
CNS is agreeable for most of the researchers [4], its mathe-
matical 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 its sim-
plicity, this representation raises many research questions
as follows. The relationship between the motor commands
and the movements, generated in the musculoskeletal sys-
tem, 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
researchers 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.

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 pre-
sented 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
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Fig. 1: Illustration of controlling a single link inverted pendulum by human inspired controller obtained from human data.

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.

The rest of the article is organized as follows. Section II
establishes the methodology to construct the proposed in-
ternal model based controller, while Section III describes
the experimental protocol and the overall data collection for
further validations. In Section IV, the simulation results are
presented with proper discussion and analysis on the findings
and finally in Section V the limitations are discussed with
the corresponding perspectives for future work.

II. 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 genera-
lization 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.

A. 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 eXo-
genous 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 with a
corresponding delay dy as an exogenous input, which can
be expressed as:

zq(k) = f(bh +

i=du∑
i=0

wi
huu(k − i)+

m=dy∑
m=1

wm
hy 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, wi

hu ∈ R and wm
hy ∈ 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.

B. 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:

Fig. 2: Single link inverted pendulum model

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.

III. 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 Umeå, Sweden (ref no. 2015-182-31). The trials
were performed at the Human Health and Performance Lab
- Movement Science at Luleå University of Technology,
Luleå, 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 partici-
pants, 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
synchronized 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 the 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.

IV. SIMULATION RESULTS

A. 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 identification 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
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Fig. 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.

divided 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 III, were considered for training the
neural network. Thus, 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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Fig. 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.

B. Inverted pendulum control

The angular acceleration of (4) was calculated numerically
by a 4th order Runge-Kutta integration in MATLAB. The
parameters of the pendulum were selected close to the body
characteristics 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 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.



0 2 4 6 8
-2

-1

0

1
T

o
rq

u
e
 [
N

.m
]

0 2 4 6 8

Time [s]

-1

0

1

 [
ra

d
]

(a)

0 2 4 6 8 10
-2

-1

0

1

T
o
rq

u
e
 [
N

.m
]

0 2 4 6 8 10

Time [s]

-0.5

0

0.5

1

 [
ra

d
]

(b)

Fig. 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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Fig. 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).

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.

V. DISCUSSION AND FUTURE WORK

Towards a bio-inspired control scheme for robotic applica-
tions 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 suc-
cessful, 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
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Fig. 8: Comparison of the proposed bio-inspired control
scheme with the classical tunned PID controller.

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 [28], [29], the model of
inverted pendulum should be extended to two or three links
with additional extended experimental evaluations.
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