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One of the approaches to study the human motor system, and specifically the motor strategies implied during postural tasks
of the upper limbs, is to manipulate the mechanical conditions of each joint of the upper limbs independently. At the same
time, it is essential to pick up biomechanical signals and bio-potentials generated while the human motor system adapts to the
new condition. The aim of this paper is two-fold: first, to describe the design, development and validation of an experimental
platform designed to modify or perturb the mechanics of human movement, and simultaneously acquire, process, display
and quantify bioelectric and biomechanical signals; second, to characterise the dynamics of the elbow joint during postural
control. A main goal of the study was to determine the feasibility of estimating human elbow joint dynamics using EMG-data
during maintained posture. In particular, the experimental robotic platform provides data to correlate electromyographic
(EMG) activity, kinetics and kinematics information from the upper limb motion. The platform aims consists of an upper
limb powered exoskeleton, an EMG acquisition module, a control unit and a software system. Important concerns of the
platform such as dependability and safety were addressed in the development. The platform was evaluated with 4 subjects to
identify, using system identification methods, the human joint dynamics, i.e. visco-elasticity. Results obtained in simulations
and experimental phase are introduced.
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1. Introduction
Understanding and modelling the human motor system has
become very important and requires the ability to simul-
taneously record sensory and motor responses during dif-
ferent motor tasks. Biomechanical modelling and analysis
of human motion are central topics of interest for a num-
ber of disciplines, ranging from biomechanics to human
movement science. In addition, during recent years there
has been a growing interest in the design and development
of robotic devices and artificial tools, in the form of pros-
thetic and orthotic systems, with functional dynamics that
resemble human ones in order to allow the control to be as
natural as possible.

Thus, sensing and actuation systems as well as control
strategies have been inspired biologically with models that
capture the main features of the human motor control sys-
tem (Kazerooni 1990; Herr et al. 2003). This understanding
about the human motor system permits to develop innova-
tive bio-inspired control strategies to be implemented in
devices that interface with the human body, for instance
prostheses and orthoses, as well as to explore new therapies
in disabled people with pathologies and disorders affecting
the motor system.

In literature, numerous studies have modelled the dy-
namic behaviour of human body segments as a mechanical
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impedance, (Hogan 1985; Dolan et al. 1993; Tsuji et al.
1995). Mechanical impedance in this context may be de-
fined as the dynamic relationship between forces and posi-
tion variations. In fact, the modulation of human impedance
provides the basis for several theories in human motor con-
trol such as the α-model and λ-model equilibrium point
theories, the virtual trajectory theory, and dynamic inter-
action in manipulation, (Hogan 1985). Furthermore, the
neuromuscular control system has highly developed self-
adaptive properties. The dynamic response of a limb is
largely insensitive to external forces in a wide range. It also
appears that adaptive compensation for changes of this kind
occurs very rapidly in relation to the dominant dynamics of
the limb system.

There are a variety of experimental and theoretical tech-
niques developed to model biomechanics and the human
motor system. A classic way to characterise a system is
done by perturbation analysis, through applying an exter-
nal perturbation and observing changes in the dynamic of
system.

Therefore, to explore this technique and to accomplish
studies and experiments in modelling human motor control
of the upper limb, it is required to record several variables
ranging from biomechanical to bioelectric. Additionally, it
also requires some mode to modify or perturb the mechanics
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of movement, in such a way that in literature some studies
present manipulators and robotic devices to carry out this
task (Mussa-Ivaldi et al., 1985; Scott, 1999; Acosta et al.,
2000; de Vlugt et al., 2003).

Keeping the above issues in mind and to encourage
studies of this kind, an experimental platform has been
designed and developed which integrates several devices
and modules to acquire and record information from human
upper limb motion and electric activity of muscles. The
platform is based on an upper limb robotic exoskeleton that
provides a way to apply specific force fields and mechanical
perturbations to different human joints. Furthermore, the
device can apply force fields to the human joint within
its natural workspace, which is not possible with traditional
robotic manipulators which impose mechanical constraints.

This paper describes the design, development and val-
idation of the experimental platform and presents the ex-
periments carried out as well as the results obtained using
the system to characterise human elbow dynamics. Safety
and dependability were milestones in the design phase, ac-
cording to the guidelines in literature, (Alami et al. 2006).
The protocol and experiments were designed to identify
and characterise human elbow joint dynamics in terms of
mechanical impedance. Moreover, it obtained the EMG ac-
tivation patterns in the adaptation process under dynamic
conditions (torque perturbations).

The next section presents the architecture of the plat-
form and a detailed description of the devices compounding
the platform. Section 3 analyses the mathematical back-
ground involved in joint dynamics characterising. Section
4 presents simulations of experiments carried out with the
platform. Section 5 describes the protocol and experimen-
tal methodology used with subjects. Finally, the conclusions
and future research are discussed.

2. Experimental platform

The experimental platform is composed of modules which
provide several capabilities: an upper limb robotic exoskele-
ton, an EMG module and a control unit. There is a software
application to manage the system, set up the experiments,
and acquire and store the data. Figure 1 displays the schema
of the platform.

Exoskeletons are mechatronic human-centered devices
externally coupled to the person (a ‘wearable’ robot) (Pons
2008). An increasing number of developments have been re-
alised in applications such as tele-operation and power am-
plification (Schiele and Visentin, 2003), rehabilitation and
assistance of disabled or elderly people (Perry and Rosen
2006; Kiguchi and Fukuda 2004; Tsagarakis and Caldwell
2003). It has also been considered to realise experiments
and studies on motor control, adaptation and neuro-motor
research (Mistry et al. 2005; Ruiz et al. 2006).

Electromyography (EMG) basically consists of the
acquisition, record and analysis of the electric activity

generated in nervous and muscles, through the utilisation of
surface electrodes, thin-wire electrodes or implanted elec-
trodes (De Luca 2003). Measurements extracted from EMG
provides a valuable information about the physiology and
muscle activation patterns. The information obtained from
EMG reflects the forces that will be generated by the mus-
cles and the intervention timing of motor commands. Thus,
EMG provides a way to detect the response of the human
motor system when controlled movements are executed un-
der external dynamic conditions.

The control of the powered exoskeleton and the data
acquisition from the exoskeleton and EMG module was im-
plemented in the MatLab Real-Time suite by MathWorks,
Inc. This environment provides mathematical libraries that
help implement control strategies in real time and compile
them in a C-language executable application to be run on
a hardware controller. Thus, the experimental platform has
a real-time target computer system (xPC Target) to con-
trol the entire system. The following sections describe each
module and how they interact.

2.1. Control unit

The control unit contains the processing and interfacing
elements in the experimental platform. It is composed of
a controller to execute the control algorithms and a data
acquisition board. The controller is a CPU based in the
PC/104 standard running at 650 MHz. The control algo-
rithms are executed in real time, through a kernel installed
in the flash memory of the controller. Thus, it allows to run
control loops at very high update rates.

The data acquisition board provides channels A/D with
a resolution of 16 bits. It also provides channels D/A with
12 bits. The sensors of the exoskeleton and the conditioned
signals of the EMG module were connected to this data
acquisition board. Additionally, the control unit provides a
TCP/IP ethernet interface to communicate with the com-
puter program installed in a remote host.

2.2. Upper-limb robotic exoskeleton

Wearable Orthosis for Tremor Assessment and Suppres-
sion (WOTAS) is a powered exoskeleton designed for the
upper limb spanning elbow and wrist joints. It was imple-
mented for functional compensation of handicapped peo-
ple with movement disorders such as tremor (Rocon et al.,
2007). This system was an open platform to test non-
grounded tremor reduction strategies by applying biome-
chanical loading on tremorous movement.

The robotic device provides a way of manipulating the
mechanical conditions of each joint independently since the
mechanical loads are applied by the exoskeleton directly to
the arm and forearm (see Figure 2), (Ruiz et al. 2006).
Elbow flexo-extension, wrist flexo-extension and forearm
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Figure 1. Architecture of the exoskeleton-based experimental platform.

prono-supination are the arm movements which may be
modified.

Sensors on the powered exoskeleton measure the biome-
chanics of the arm (wrist and elbow) that allow to define a
number of limb movements, motor tasks and several pos-
tures under various mechanical conditions. It is equipped
with kinematics sensors for angular position and veloc-
ity using precision potentiometers and gyroscopes, respec-
tively. It is also equipped with kinetic (interaction force
between limb and device) sensors using strain gauges. The
actuation of the robotic device was implemented using DC
flat brushless motors.

2.2.1. Control strategies

The control of the exoskeleton was implemented through
impedance control, and its schema is illustrated in Figure
3. Impedance control is a strategy for constrained motion
rather than a concrete control scheme. The basic idea of
this approach is to have a closed-loop control system whose
dynamics can be mathematically described by Equation (1),
(Hogan 1985):

F = I (q̈ − q̈0) + B(q̇ − q̇0) + K(q − q0), (1)

where I , B, K represent the inertia, damping and stiffness
of the interactive system, respectively.

Inertia, damping and stiffness can be adjusted by the
control system according to the goals pursued (impedance
may vary in the different task space directions, typically in
a non-linear and coupled way). The objective of the control
was to modify the apparent impedance that the exoskele-
ton provides to the human arm. The interaction between
the robot and a human then produces a dynamic balance
between these two ‘systems’.

Control is based on a dual control loop (3). The value
of torque applied by the exoskeleton to the upper limb, τd ,
is calculated on the basis of the combined effects of both
loops:

τd = fd − fmt − τ

= fdt − I · q̈t − B · q̇t − K · q − τ. (2)

This closed-loop control schema uses information from
gyroscopes (q̇) and potentiometers (q). This information
defines the actual impedance force, f mt , after multiplying
them by coefficients. The lower loop of control schema
serves the goal of minimising the effect of the exoskeleton
on voluntary motion. In this case, force sensors measure
the interaction force between the exoskeleton and upper
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Figure 2. Upper-limb robotic exoskeleton aimed at human motor
control research.

limb, f . In order to achieve this, the interaction force, f , is
filtered so that only the force opposing voluntary motion,
τ , is fed back into the lower branch of the control loop.

2.2.2. Safety issues

Several redundant safety systems have been implemented
for the robotic device. The segments of the exoskeleton are
constrained to move within the natural motion range of up-
per limb. In addition to this physical stop, the experimenter
holds a switch that may be pressed during an experiment to
interrupt the power supply to exoskeleton actuators. Safety
concerns in algorithms have also been implemented, lim-
iting the current provided to the actuators if it reached the
maximum velocity in a specific slice time.

2.3. EMG acquisition module

The EMG acquisition module in the experimental platform
permits to acquire data of several muscular groups and
is directly interfaced to the control unit. Since the EMG
signal is very small (50 µV ∼ 5 mV ), the acquired sig-
nal may be affected by interference from other biological
and environmental sources like movement artifacts, elec-
tric noise, muscle noise, etc. Thus, the raw EMG signal was
amplified and filtered to be acquired in the data acquisition
board. The electronic circuit developed provides amplifica-
tion gains between 300 and 2400 and has a pass-band filter
with a cut-off frequency between 20 and 500 Hz.

To pick up the EMG signal, surface electrodes were used
because they are noninvasive and are easy to use. To avoid
the detection of other electrical signals in the proximity
of the detection surface except signals of interest, bipolar
electrodes were used. A great challenge to the accuracy
of the system is the presence of EMG electrodes attached
to the skin, because during the movement an unaccounted
motion exists between the skin and the bones. Furthermore,
the robotic exoskeleton coupled to the upper limb modifies
the electrode-skin impedance.

Additionally, a battery was used to power the EMG
acquisition module in order to reduce 50 Hz hum (power-
line noise) from the EMG signal acquired.

2.3.1. Safety issues

Taking into account international safety regulations about
of electronic devices which are connected to a person, sev-
eral topics were addressed for electric isolation of the EMG
module. It is not convenient to make an electrical con-
nection between a person and equipment powered through
electrical wiring because in the case of a failure in the
equipment, the subject may be exposed to deadly voltages.
Furthermore, the patient is parasitically coupled to various
sources of noise such as power supplies and fluorescence
lamps. Thus, the parasite voltages induced in the body may

Figure 3. Impedance-based control strategy implemented in the robotic exoskeleton.
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generate leakage currents from the body, through the mod-
ule to ground.

The electric isolation of the subject from ground has
been implemented using a wide-band, unity-gain isolation
amplifier. The selected amplifier (Burr Brown ISO-124) has
the input and output sections isolated from each other and
provides isolation of electrical signal through capacitive
coupling.

2.4. Host computer

In order to provide an interface to manage the entire sys-
tem (see Figure 1) a software application was developed. It
communicates with the control unit (by Ethernet TPC/IP)
using Dynamic Link Libraries (DLLs). The control algo-
rithms are downloaded and its execution controlled from
the software application. The user interface runs on a Win-
dows machine and provides capabilities for data acquisition,
recording, analysing and graphically displaying. Moreover,
it permits to tune the parameters that require adjustments
in the experimental platform.

3. Neural control of the human upper limb
and joints

The human modulates their motor patterns in order to com-
pensate for different sorts of loads found in a wide range
of contexts. Each object or environment creates forces with
different space and timing characteristics such as gravita-
tional forces, viscous forces and accelerative forces (Scott,
2005). The human is able to compensate for such dynamic
environments.

Thus, there is a basic compensation mechanism that
exploits the visco-elastic properties of the neuromuscular
system. Control of the impedance of the neuromuscular sys-
tem is a form of adaptive behaviour that the central nervous
system (CNS) uses to accommodate perturbations from the
environment (Hogan 1984). The CNS avoids the kind of
complex computation involved in motor control through
the visco-elastic properties of the neuromuscular system,
the muscles and the reflex loops. This visco-elasticity is
able to generate restitution forces against external pertur-
bations and may be considered as a control gain in the
peripheral feedback.

Under external perturbations, the intrinsic mechanical
response of muscle is immediate. On the other hand, reflex
responses and other responses that act by way of changes in
muscle activation can only produce force after some delay
with respect to the movements that trigger them, (van der
Helm et al., 2002). Intrinsic muscle visco-elastic forces are
in phase with the movements that produce them.

Although intrinsic stiffness is directly proportional to
joint torque, it is possible to vary total joint stiffness and
damping independently of joint torque. Theoretically, this
can be done by

(1) varying the level of co-contraction of antagonist
muscles;

(2) varying the reflex gains for velocity feedback and
position feedback independently of joint torque.

3.1. Mathematical models

In the human motor control field, to quantify joint stiffness,
viscosity and inertia, small-amplitude random perturba-
tions (zero mean) can be applied about the flexo-extension
rotation axis at specific muscle contraction levels (see
Figure 4).

The relation between small displacements (X) of a de-
gree of freedom of a musculoskeletal system and the exter-
nal forces (F ) associated with such displacements can be
represented by a linear transfer function which is usually
named the mechanical impedance (F = X) or admittance
(X = F ). Using a simple linear control system, it is ex-
plained here how the components of the control system
influence the mechanical impedance.

The model is non-linear and varies depending on factors
such as torque bias and posture. Thus, in order to fit the
data to a second-order linear model, an operating point
must be specified. The operating point consists of constant
posture, constant force and non-fatiguing contractions for
a particular task. Parameters in the model change as the
operating point changes. The linear model can be defined
by the linear Equation (3).

τ (t) = M
∂2θ (t)

∂2t
+ B(δ)

∂θ (t)

∂t
+ K(δ)θ (t), (3)

where δ defines the operating point of the system. Equation
(3) is useless when the operating point varies in a consider-
able way, (Kearney and Hunter 1990).

In literature, during an isometric contraction in which a
subject voluntarily increases or decreases the joint torque by
changing muscle activation, joint stiffness has been shown

Figure 4. Mechanical perturbation for system identification of
the elbow joint dynamics.



210 A.F. Ruiz et al.

to increase in parallel with joint torque. Reflex gain also
increases in parallel with muscle activation provided that
the contraction is well below maximal. Furthermore, for ex-
perimental conditions that involve quasi-static and postural
tasks, parameters are a function of the EMG amplitude esti-
mations (ŝE, ŝF ). A linear second-order equation that relates
EMG amplitude and angular displacement with changes of
generated torque in joint, can be modelled as

�τ = I · �θ̈ + B(ŝE, ŝF ) · �θ̇ + K(ŝE, ŝF ) · �θ, (4)

where ŝE is the estimation of the EMG amplitude of exten-
sor muscles, ŝF is the estimation of the EMG amplitude of
flexor muscles, �θ is the variation of angular displacement
in the joint, �τ is the variation of generated torque in the
joint, K(ŝE, ŝF ) is the stiffness function, B(ŝE, ŝF ) is the
viscosity function and I is the inertial parameter.

3.2. Identification system methods

Elbow joint stiffness K , viscosity B, and inertia I were
identified from the measured angular joint displacement �θ

and external applied torque τ (t). Gravitational torque was
assumed constant under the small-amplitude perturbation
and thus would not appear in the relationship characterising
elbow dynamics in terms of K, B and I.

To accomplish the system identification, the ARX
model has been used to estimate parameters of the elbow
mechanical impedance. The structure of ARX model is rep-
resented as a transfer function, such as shown in Equation
(5), (Ljung 1999)

Y (q)

U (q)
= q−nk B(q)

A(q)
. (5)

In Equation (5), Y (q) and U (q) represent input and
output data, respectively. A(q) and B(q) are polynomials in
the delay operator q−1. A(q) and B(q) are defined as

A(q) = 1 + a1q
−1 + . . . + anaq

−na (6a)

B(q) = b1 + b2q
−1 + . . . + bnbq

−nb+1, (6b)

where na and nb are the order of polynomials A(q) y B(q)
respectively, while nk is the sample number between input
and output. Replacing the expressions of A(q) and B(q)
from Equations (6a) and (6b) in (5), is obtained

A(q)y(t) = B(q)u(t − nk). (7)

Relationship between input and output data can be rep-
resented by a linear difference equation (replacing (6a) and
(6b) in equation (7))

y(t) + a1y(t − 1) + . . . + anay(t − na)

= b1u(t − nk) + . . . + bnbu(t − nk − nb + 1). (8)

Equation 8 relates actual output y(t) to a finite number
of past outputs y(t . . . k) and actual inputs. To identify the
system, the present work utilises the applied torque τ (t) as
input, and the angular displacement θ (t) as output.

4. Simulations methods

The visco-elastic properties of the human arm and joints
vary in a wide range, (Mussa-Ivaldi et al., 1985; Zhang
and Rymer 1997). However, experiments in the present
study span particular operating conditions for elbow joint
(postural, isometric) which impedance parameters should
not vary steeply.

Analysis and simulations were made for the conditions
similar to those for the human arm experiments. A set of
known values for elbow joint dynamics, reported in liter-
ature, were used in simulations (Zhang and Rymer 1997).
Simulations permit to validate processing techniques for
the measured signals and to determine signal-to-noise ratio
(SNR) limits for a reliable estimation.

The torque perturbation was the stimulus for the second-
order system (Equation (3)) and was simulated using
a pseudo-random white noise generator followed by a
low-pass Butterworth filter with a cut-off frequency of
10 Hz.

Impedance parameter estimation consists of estimat-
ing K, B and I given �τ and �θ using the parametric
model in Equation (3). It was simulated noise in signals
with a noise power spectral density in several magnitudes.
The estimated and known values were compared, using the
RMS error index. RMS error (root-mean-square) was de-
fined for real and estimated values, such as Equations (9a)
and (9b).

error RMS in K =
√∑N

i=1(Kreal − Kestimated )2

N
(9a)

error RMS in B =
√∑N

i=1(Breal − Bestimated )2

N
, (9b)

where Kreal and Breal represent the simulated (real) values
and Kestimated and Bestimated represent the estimated values.
N is the number of simulated samples.

To determine the SNR limits values for biomechani-
cal and electromiographic signals, it was defined a relative
error of maximum 10% in the estimation process. Thus,
to obtain biomechanical signals it should have SNR > 15
and EMG signals should have SNR > 18. The values of
SNR impose a lower limit to the signals for a reliable
estimation.

Biological systems such as the human motor system are
characterised as time-varying systems. Thus, in order to as-
sess the validity of the parameters estimation procedures in
systems with time-varying parameters, a set of simulations
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were carried out. Maximum frequencies of the parameters
were obtained in order to obtain acceptable errors (relative
error < 10%).

B and K parameters (Equation (3)) were tuned to vary
as sinusoidal functions. In simulations, the sinusoidal fre-
quency was increased until it was calculated as the maxi-
mum estimation error. It obtained a maximum frequency of
0.7 Hz, in order to estimate reliable parameters. Figure 5
shows real and estimated values for stiffness and viscosity.

The experimental protocol with real subjects involves
subjects executing isometric tasks, with constant co-
contraction. Such postural tasks exhibit torque variations,
i.e. torque bias. In literature, bias is low-frequency, lower
that the obtained limit in simulations (0.7 Hz).
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(a) Estimation of time-varying stiffness.
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(b) Estimation of time-varying viscosity.

Figure 5. Estimation of time-varying parameters of K (upper)
and B (lower). Both parameters were tuned to follow sinusoidal
functions. Real values are in red, estimated values in blue. This
figure can be seen in colour online.

5. Experimental methods

To characterise the dynamic behaviour of the elbow joint
during postural control, mechanical torques were applied by
the powered exoskeleton at the forearm segment (see Fig-
ure 2). The angular displacement of the elbow away from
the maintained posture and the applied torque were used
in an identification system process. In order to correlate
dynamic behaviour of the elbow joint with bioelectric in-
formation, it recorded muscle activation patterns of implied
muscles around this joint. It validated a preliminary linear
approximation between visco-elasticity and EMG.

5.1. Validation trials

The torque profiles were validated experimentally with one
healthy subject. The robotic device was configured to apply
resistance dependent on position (spring-like load), veloc-
ity (viscosity) and acceleration (inertial load). Thus, the
torques (loads) indicated by the vector τ , were computed as
a function of the angular kinematics in the human elbow,
according to the following equations

τ1 = K · (θ (t) − θ0) (10a)

τ2 = B · θ̇ (t) (10b)

τ3 = I · θ̈ (t), (10c)

where θ (t), θ̇(t) and θ̈ (t) are the human elbow angular dis-
placement, velocity and acceleration vectors, respectively;
θ0 is an equilibrium point of the angular position; and K, B
and I are constant vectors representing spring-like, viscous
and inertial loads, respectively, of the imposed environment
at the elbow level.

Rhythmic movements at the elbow level were executed
by a subject wearing the exoskeleton. In each trial a re-
sistance was delivered according to the above equations.
Figure 6 presents the experimental relationship between
the torque and its corresponding kinematic parameter.

The small phase-lag observed in the Figure 6 for each
delivered load and its kinematic variable was due to the
low-pass filters in the control algorithms and the filtering
imposed by the human upper limb (muscle, soft tissues, etc).
Thus, inconsistencies between the measured and predicted
moments can be attributed to a variety of factors, such as
the placement of the electrodes or the contribution of the
passive structures at the joint. In the future there may be
the need to better account for the contribution of passive
structures at the joint, while maintaining the simplicity of
the model (Figure 7).

5.2. Protocol

Four healthy adult volunteers (mean age 28 ± 3, mean
height 1.73 ± 0.04 m) were instrumented with surface
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Figure 6. Torque profiles applied by exoskeleton according to: (a) angular displacement, (b) velocity and (c) acceleration.
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Figure 7. Passive structures and dynamics involved in human
upper-limb.

EMG electrodes following the SENIAM recommendations.
Two upper arm muscles were measured: the flexor (biceps
brachii) and extensor (triceps brachii long head) muscles
involved in the elbow joint movement.

Subjects wore a robotic exoskeleton on the right arm
allowing elbow flexion and extension in the vertical plane.
The shaft joint on the device was aligned with the subject’s
elbow joint, and the device was attached to the upper arm
and forearm (see Figure 2).

The experiments consist of static (isometric, constant
force) contractions of the muscles and maintaining pos-
ture. At one specific time instant, the exoskeleton applied
unexpectedly random torque perturbations on the human
forearm. Subjects were instructed to maintain the forearm
posture while resisting external perturbations. In this case
the elbow joint does not move, i.e. a fixed position is being
maintained, then the setpoint of the velocity feedback is
zero and the setpoint of the position feedback is the equi-
librium position. The feedback damping and stiffness will
act to restore the joint to this state. Thus, visco-elastic pa-
rameters were estimated by applying perturbations about
the equilibrium position.

Additionally, subjects were asked to maintain a steady
background muscle activation throughout the trial. Five rep-
etitions were chosen for each experimental session and data
were sampled at 1 kHz for biomechanical variables (kinet-
ics and kinematics) and for the EMGs.

6. Experimental results

6.1. Data analysis

The signal-to-noise ratios were calculated for all signals
in order to validate them according to results obtained in
simulations. The kinematics and kinetics data have been
filtered through a four-pole Butterworth filter with a cut-off
frequency of 10 Hz. Surface EMG signals were rectified

and the envelope of the EMG signals extracted using a low
pass filter with a cut-off frequency of 10 Hz. It used a 5th
order Butterworth filter for this propose. EMG amplitude
estimation was accomplished using its RMS magnitude

RMS =
√√√√1

n

n∑
i=1

x2
i

where xi is the voltage value in the i − esima sample and
n is the number of samples of the segment.

The recorded data set has been subdivided into smaller
data sets. Moreover, individual ‘windows’ overlap in time,
such as shown in Figure 8. Whole data sets were sepa-
rated in windows (S1, S2 . . . Sn) of N-samples length. For
each window, the elbow joint parameters, i.e. the me-
chanical impedance were estimated. Windows were over-
lapped to identify time trends and variations of impedance
parameters.

6.2. Results

To evaluate joint visco-elasticity during the postural ex-
periments, previous studies which had suggested a linear
relation between surface EMG activity and joint torque and
joint stiffness was used, (Osu and Gomi 1999; Osu et al.
2004). They defined a parameter called index of muscle co-
contraction around the joint (IMCJ). The IMCJ was defined
as the summation of the absolute values of agonistic and
antagonistic muscle torques around the joint and computed
from the linear relation between surface EMG and joint
torque.

Figure 8. Overlapping of recorded data set.
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(a) Estimation of viscous parameter B.
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(b) Estimation of stiffness K.

Figure 9. Estimated values using recorded data for visco-elasticity of elbow joint.

IMCJ around elbow joint can be expressed as the equa-
tion below, (Osu and Gomi 1999; Osu et al. 2004). sF1

and sE1 are the surface EMG activity of the elbow mono-
articular flexor and extensor, respectively, and sF2 and sE2

denote surface EMG activity of bi-articular flexor and ex-
tensor, respectively.

IMCJ = a1sF1 + a2sE1 + a3sF2 + a4sE2.

In literature, human arm visco-elastic parameters are
a function of muscular activation. For experimental condi-
tions that involve isometric, quasi-static and postural tasks,
it validates the stiffness and viscosity parameters mod-
elled as linear functions of the EMG amplitude estima-
tions (sE, sF ). Thus, as presented in Equation (4), there is
a second-order relationship involving EMG information in
the visco-elastic parameters.

Starting from Equation (4), �τ , �θ were used to esti-
mate K, B and I. Next, the EMG amplitude was calculated

as well as K and B values to correlate the information, using
linear least squares.

Figure 9 presents the estimation of K and B respectively,
for one subject. Such parameters were obtained after calcu-
lating individual parameters of the overlapped windows.

In previous Figures, there are approximately constant
parameters. Variations arise from the torque modulation
generated by subjects in order to maintain the postural task.
Magnitudes in the range of 2.5 a 4.7 N.m.s/rad for vis-
cosity and 5.3 a 13.1 N.m/rad for stiffness parameters
obtained. Those values in the range found in literature.

Figure 10 shows mean and standard deviation in param-
eters B and K for subjects. For each subject (x-axis), the
average of recorded values was calculated in all repetitions.

7. Conclusions and future work

An experimental platform has been developed to set up ex-
periments in human movement and neuro-motor control,
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(b) Parameter of stiffness K.

Figure 10. Mean and standard deviation in estimated parameters. x-axis represents each subject.
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integrating an upper limb robotic exoskeleton as well as a
tool to monitor the bioelectric muscular activity of the sub-
ject. The platform enables studies in biomechanics, mod-
elling and analysing human motion in such a way that may
simultaneously record sensory and motor responses during
specific motor tasks.

The mechanical impedance of a system is best described
by its transfer function, which can only be estimated using
perturbations. However, such perturbations interact with
the natural behaviour of the motor control system. In the
present study, the neuromuscular system was approximated
with a second-order model. The elbow joint system is higher
order and one might therefore question the accuracy of
the obtained stiffness and damping estimates. However, the
goal was to obtain the modulation and prediction of stiffness
and damping using EMG data and not in their exact values.

Simulation results provide information about the re-
quired quality of the recorded signals. Thus, a SNR mini-
mum of 18 for biomechanical signals and SNR minimum
of 15 for EMG signals, in order to have a reliable estimation
of parameters (with an error <10%).

Afterwards, the dynamics of human elbow joint was
estimated in postural control. An outstanding result was
correlating visco-elasticity and EMG data. A linear rela-
tionship was defined between stiffness as well as viscosity
and the EMG amplitude estimation. The obtained values
were in the range found in literature.

In order to obtain a more accurate model of the joint
dynamics, it is required to include the non-linearities and
reflexes involved (soft tissues, muscular spindles, etc.).
However, the compact and simple model presented in this
study is enough to characterise the main factors relating
articular dynamics with muscular activation.

Obtained results in this work provide information to
the field of human motor control and also to its applica-
tion in robotics and other engineering applications. Thus,
through the characterisation of mechanical properties asso-
ciated with the human joints as well as strategies used by
human beings to command it, exist a direct application to
control devices based on EMG in a biologically inspired
way, i.e. biomimetic control.
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