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Abstract—Vibration exercise (VE) has been suggested as an
effective methodology to improve muscle strength and power
performance. Several studies link the effects of vibration training
to enhanced neuromuscular demand, typically ascribed to invol-
untary reflex mechanisms. However, the underlying mechanisms
are still unclear, limiting the identification of the most appropriate
vibration training protocols. This study concerns the realization
of a new vibration exercise system for the upper limbs. Amplitude,
frequency, and baseline of the vibrating force, which is generated
by an electromechanical actuator, can be adjusted independently.
A second order model is employed to identify the relation between
the generated force and the input voltage driving the actuator.
Our results show a high correlation (0.99) between the second
order model fit and the measured data, ensuring accurate control
on the supplied force. The level of neuromuscular demand im-
posed by the system on the targeted muscles can be estimated by
electromyography (EMG). However, EMG measurements during
VE can be severely affected by motion artifacts. An adaptive least
mean square algorithm is proposed to remove motion artifacts
from the measured EMG data. Preliminary validation with seven
volunteers showed excellent motion artifact removal, enabling
reliable evaluation of the neuromuscular activation.

Index Terms—Biomedical equipment, biomedical signal pro-
cessing, electromyography, neuromuscular stimulation, vibration
control.

I. INTRODUCTION

I T IS widely accepted that resistance exercise and physical
training improve neuromuscular performance both in young

and elderly individuals by increasing or maintainingmuscle size
and neural drive to the muscles [1]. Various forms of resistance
exercise have been suggested to increase muscle strength and
power by imposing higher neuromuscular demands [2].
The level of muscle activation can be estimated in the targeted

muscles by electromyography (EMG). In general, the EMG am-
plitude, estimated by the root mean square value of the EMG
signal, increases in parallel with the intensity of muscular ac-
tivity and force production [3], while the average conduction ve-
locity (CV) of the motor unit action potentials along the muscle
fibers decreases in parallel with an increase in fatigue [4]; the
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latter phenomenon is referred to as myoelectric fatigue. Myo-
electric fatigue can also result in a shift in the EMG mean fre-
quency (MF) [4]. Mechanic fatigue can be obtained by mea-
suring the difference in maximum voluntary contraction (MVC)
before and after each treatment.
To improve the ability to generate force, resistance training

modalities should incorporate exercises characterized by lifting
heavy loads, inducing over 70% of theMVC [1], [5]. These high
levels of MVC limit the applicability of resistance training in
rehabilitation programs, which typically involve subjects suf-
fering from impaired muscle function, weakness, and weight
loss.
In the last decade, many studies focussed on the potential of

vibration exercise (VE) as an alternative to standard resistance
training. Whole body vibration (WBV) platforms have been
suggested to be an effective modality to exercise the lower
limbs [6]; vibrating dumbbells [7], vibrating pulley-like devices
[8], [9], and vibrating barbells [10] have also been proposed
for the upper limbs. VE has been suggested as an effective
methodology to improve muscle strength and power perfor-
mance [6]–[9], mainly due to the neuromuscular demands of
such vibrating force on skeletal muscles.
The increase in EMG activity observed when muscles are ex-

posed to VE has been previously attributed to a specific reflex
mechanism named tonic vibration reflex (TVR) [11]–[14]. It is
well documented that TVR derives from the stimulation of the
Ia afferents when applying a sinusoidal stimulation directly to
a muscle or a tendon [7], [15]. However, TVR seems also to be
modulated by alterations in spindle sensitivity [14], [16]. It fol-
lows that the increase in neuromuscular response observed with
vibration may be the result not only of motor unit activation
strategies, but also of alterations in spindle sensitivity through
gamma feedback [7], [14]–[16].
Muscle response and adaptation to vibrating force seems

to be influenced by the characteristics of the input signal, i.e.,
frequency and amplitude [6], [17], as well as muscle tension
[18]–[20]. The vibration frequencies adopted in previous works
were in the range of 15–60 Hz [17], [20], [21]. Previous studies
on WBV exercise have suggested 30 Hz as the optimal training
frequency for the vastus lateralis muscle [17]. However, the
effect of different modulating frequencies could differ for dif-
ferent muscles; therefore, the optimal frequency to determine
the best training stimulus might differ for different muscles.
It is evident that the underlying mechanisms explaining the

effect of VE are still unclear and information for the most appro-
priate VE protocols is limited. In this study, a new VE system
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for muscle conditioning is realized, which is portable and en-
ables full control of the major training parameters. Different
from existing VE devices, vibration does not consist in a varying
displacement, but in a varying force (tension) applied to the
muscle. The force applied to the muscle is fully controlled and
varied cyclically by means of a broadband actuator. Amplitude,
frequency, and baseline of these cyclic variations can be inde-
pendently adjusted. Currently, this system is designed for iso-
metric VE of the upper limbs. However, with some adjustments
in the mechanical interface, the system can also be used for vi-
bration exercise of different muscles.
The core of the setup is an electromechanical actuator which

generates a mechanical force in response to a driving input
voltage. Prior to its employment, the relation between mechan-
ical force and input voltage must be well characterized. To
this end, dedicated calibration measurements were carried out
making use of a load cell embedded in the system. We hypothe-
sized that the generated force should be a function of frequency
and amplitude of the driving voltage. Indeed, our preliminary
tests showed that, for a fixed frequency, the relation between
the output force and the amplitude of the driving voltage is
linear and, for a fixed amplitude, the frequency response of the
output force can be described by a second order linear model.
The neuromuscular effects of vibration training can be

studied by analyzing the EMG signal. However, previous
studies have suggested that EMG measurements during VE
can be severely affected by motion artifacts (MA), resulting
in unwanted spectral components at the modulating frequency
and its harmonics [20], [22]. MA are most probably caused by
vibration-induced variations in the ionic spatial distribution in
the dielectric gel of the electrodes [23]. The presence of MA
affects the EMG analysis, resulting, for example, in an over-
estimation of the muscle activity at the vibration frequency.
Band-stop filters have been employed in previous studies to
suppress the signal in the frequency bands around the vibration
frequency and its harmonics [18], [20], [24]. However, these
components could convey interesting EMG information that
is worth investigating [20]. Proper MA removal will therefore
lead to more accurate interpretation of the neuromuscular
response to VE [7], [25].
In this study, an adaptive filtering approach is proposed to

discriminate betweenMA and neuromuscular response to vibra-
tion. Based on a 3-D accelerometric signal recording the elec-
trode motion, MA are estimated by an adaptive normalized least
mean square (NLMS) algorithm and then subtracted from the
measured EMG signal. Validation was performed with seven
volunteers. Mechanical fatigue was assessed byMVC test while
myoelectrical fatigue was estimated by the MF of the measured
EMG data. The effect of the adaptive MA removal on the cor-
relation between mechanical and myoelectric fatigue was then
evaluated.
This paper is organized as follows. Section II-A introduces

the hardware and software of the system. Section II-B describes
the force calibration, identifying the relation between mechan-
ical force and input voltage. Section II-C discusses an adap-
tive NLMS algorithm to remove vibration-inducedMA from the
EMG signal recorded during isometric VE. Section II-D eval-

Fig. 1. Sideview of the prototype.

Fig. 2. Example of VE loading function: baseline with superimposed sinu-
soidal vibration.

uates the performance of the proposed NLMS algorithm by es-
timating the myoelectric fatigue. Section III shows our results
for force calibration as well as MA removal. Finally, Section IV
presents our discussion and conclusions.

II. METHOD

A. Prototyping
1) Hardware: The realized prototype permits performing

isometric vibration exercise of the upper limbs. Fig. 1 shows
an overview of the setup.

a) Actuator: The core of the setup is a three-phase per-
manent magnet motor (MSK060C, Bosch Rexroth, Boxtel, The
Netherlands) generating a torque consisting of a constant base-
line force with superimposed vibration. An example of such
a loading function is given in Fig. 2. The motor driver (In-
draDrive HCS02, Bosch Rexroth, Boxtel, The Netherlands) is
controlled by an analog function generator (PCI-5402, National
Instruments, Austin, TX, USA), which is connected to a PC and
controlled by dedicated software implemented in LabView (Na-
tional Instruments, Austin, TX, USA).
The maximum torque of the actuator is 24 Nm on a shaft with

radius . In order to obtain an output force that is suit-
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able for elbow flexor muscles training [26], a planetary gearbox
(1:10) is connected to the output shaft of the motor. Further-
more, a 50-cm aluminum bar is mounted perpendicular to the
gearbox output shaft to apply a vertical force to the subject’s
wrist (see Section II-B, Fig. 4). The subject’s hand is connected
to the aluminum bar through a handle and a lightweight rope.
The actuator can pull the handle with up to 960 N.
To ensure the generated force to be directly applied to the

subject, the actuator is placed in a stiff steel frame which is fixed
on a wooden plate. A fitness bench, where the training subject
can sit, is mounted on top of the wooden plate.

b) Position and force sensing: During vibration training,
the wrist position is measured using the rotary encoder em-
bedded in the motor. This encoder generates a quadrature signal
leading to a resolution of 0.28 at the gearbox output.
Force sensors are needed to measure the voltage-force rela-

tion of the actuator and to determine the maximum force ex-
erted at the wrist by the elbow flexor muscles of the subjects.
Based on previous studies [26], the maximum force of the elbow
flexor muscles in a normal subject is expected not to extend 300
N. Therefore, the LCAE-35 kg (Omega Engineering Inc., Stam-
ford, CT, USA) load cell is chosen (see Section II-B Fig. 4). This
load cell uses resistance-based force sensors (strain gauges) in
full bridge configuration.
A data acquisition card (PCI-6112, National Instruments,

Austin, TX, USA) is used to acquire realtime data on wrist
position and force. In order to use the full range of the AD
converter, the output signal of the load cell is amplified by an
instrumentation amplifier (INA118P, Burr-Brown Corporation,
Tucson, AZ, USA), which provides a high common mode
rejection ratio (110 dB) and an adjustable gain. The wrist
position can be used to provide visual feedback to the training
subject while the force estimation can be used for calibration of
the system as well as to estimate the MVC of the elbow flexor
muscles.
Noise reduction is obtained by proper shielding and

grounding of all the electronic and electrical components.
High current cables of the motor are shielded, as well as
the wires containing the signal to be measured. To enhance
the signal-to-noise-ratio (SNR), the force signal is amplified
directly at the load cell output. Besides that, the amplifier is
placed next to the load cell in a steel chassis, to achieve proper
shielding. A diode in pass-direction to the power input of the
amplifier and load cell is placed to prevent leakage current to
flow back to the power supply. An analog low-pass filter is
placed before the amplifier to suppress high frequency noise.
A cutoff frequency of 350 Hz is chosen, since no signals of
interest are expected above that frequency.
2) Software: LabView is used to implement the control soft-

ware for the actuator. Matlab (Matlab 2011a, The Mathworks,
Natick, MA, USA) is used for processing the acquired data.
The system user interface is realized in LabView. An emer-

gency stop is placed to stop the motor immediately in case of
emergency. The value of the baseline force, as well as shape
(sinusoid by default), amplitude, and frequency of the superim-

Fig. 3. Setup transfer function.

posed vibrational force, can be chosen by the operator. The rota-
tion direction of the motor can be adjusted to allow left handed
subjects to perform the exercise.
The software for defining the loading function which drives

the motor is also realized in LabView. This software consists of
different virtual instruments (VIs), controlling the output func-
tion generator and, therefore, the motor driver. A voltage limiter
VI is used to limit the output driving voltage for subject safety.
The voltage limit is such that the output force is less than 300 N
by default. This can be changed by the operator. The output fre-
quency is limited to 80 Hz. Furthermore, to permit the motor to
operate in one direction during one exercise, the amplitude of
the superimposed vibration is smaller than the baseline force.
To enable the subject to adapt to the applied force, the force is
increased linearly, reaching the defined value in one second.
The subject’s wrist position is measured by a DAQmx

counter task [27] while the output force is measured by a
DAQmx analog input task. The force data is sampled at 1024
Hz with a resolution of 12 bit in a range of 0–10 V. The mea-
sured voltage is converted into force [N] using the calibration
data (see Section II-B).

B. Force Calibration

The relation between the output force and the input voltage
of the actuator (Fig. 3) can be characterized by the transfer

function , where is the vibration frequency.
1) Load Cell Calibration: is measured by the embedded

load cell. The load cell transforms the force into voltage,
, through a function . Therefore, has to be

identified prior to the calibration. Based on the load cell specifi-
cations, is constant in the frequency range of interest and
it is a function of only. The expression for is therefore
given as

(1)

where accounts for any possible unbalance in the load-cell
bridge. To identify , different forces (from 0 to 300 N
in steps of 10 N) are applied to the load cell by pulling a dy-
namometer fixed on a laboratory stand. The bar is blocked in the
horizontal position (Fig. 4, wedge B) and a force F is applied in
the vertical upward direction, reproducing the same condition
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Fig. 4. Front view of the prototype and calibration setup. For load cell calibra-
tion, only the wedge B is used, while for actuator calibration, only the wedge A
is used.

as with a test subject. The output of the amplifier, , is then
recorded and the parameters and in (1) are obtained by a
linear fit through the data measured by the load-cell amplifier.
2) Actuator Calibration: The estimation of is per-

formed by applying a specific driving voltage to the motor,
blocking the load cell (Fig. 4, wedge A), and measuring the
output voltage of the amplifier .
The identification of is separated into two steps: one

for the DC response and one for the frequency response. For
the DC response, 11 steps with DC voltage increasing from 0 to
8.25 V are applied to the motor driver and a linear interpolation
of the measured force is performed. For the frequency response,
the input voltage is given by

(2)

where is the time varying input voltage for a given
vibration frequency [Hz], the baseline voltage [V], and
the amplitude of the sinusoidal vibration [V]. Different (3,
4, 5 V) are selected and a frequency range from 5 to 80 Hz is
spanned with steps of 3 Hz. For each measurement, is kept
constant and the amplitude is varied from 0 to 1 V in steps of
100 mV.
The measured is directly transformed into force by

. After removing the DC components given by the
baseline transfer function, the output force should be a function
of both frequency and amplitude of the driving voltage.
Preliminary tests showed that for each constant amplitude
the transfer function can be fitted by a second order linear
model , which is described by

(3)

where is the damping ratio, is the natural frequency [Hz],
and is the sensitivity. The model parameters , , and are
then obtained by minimizing the mean square error (MSE) be-
tween the measured and the absolute value of the second-
order model

(4)

Fig. 5. Bipolar recording obtained by connecting the sensing surface of two
Ag-AgCl electrodes and applying external pressure.

Fig. 6. Block diagram of the adaptive NLMS filter algorithm.

C. Motion Artifact Removal

1) Data Acquisition: During isometric contractions, the
surface EMG was recorded from the biceps brachii using a
64 channel square electrode grid. The grid consists of circular
Ag-AgCl electrodes with a diameter of 1 mm and an inter-elec-
trode distance of 4 mm. On top of the electrode grid, a 3-D
accelerometer was placed to measure the acceleration of the
sensor, which is used for MA removal.
The measured signals were amplified and digitized using a

128 channel Refa amplifier (TMS International, Enschede, The
Netherlands). The sampling frequency for each channel was
2048 Hz. Active shielding and grounding of the cables was used
to minimize the powerline (50 Hz) interference. The ground
electrode was placed on top of the right clavicle.
2) Adaptive NLMS Algorithm: In this study, we assume vi-

bration-induced MA to be additive. To test this hypothesis, sig-
nals were recorded by connecting the sensing surface of two
Ag-AgCl electrodes in bipolar configuration. This test produced
a zero output voltage until pressure was applied to the elec-
trodes. Pressure induced changes in the ionic spatial distribu-
tion resulted in an additive component to the recorded signals,
as shown in Fig. 5.
An adaptive NLMS algorithm is then proposed to estimate

and remove the response of the electrical recording to the ac-
celeration induced motion artifacts. The adaptive NLMS filter
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model is represented in Fig. 6. The unknown source rep-
resents the muscle activity while represents the MA. The
measured EMG signal, , recorded at time instant , contains
the desired source , which is disturbed by a filtered version
of the undesired source . The filter is represented by the
impulse response . The measured acceleration signal ,
where is the , , or direction, is therefore filtered with an
adaptive finite impuls response (FIR) filter in order to ob-
tain an estimate of the MA. By subtracting from the
measured signal , the desired clean signal can be ob-
tained.
The adaptive NLMS is designed such that the squared error

is minimized. Since does not
depend on the filter coefficients , the minimization of
is equivalent to the minimization of , where

. The expression of the NLMS algorithm is then
given as

(5)

The data are processed using time windows of length
, which is the minimum filter order beyond which the perfor-

mance of the filter does not significantly improve. At the time in-
stant , the acceleration signal and the adaptive FIR filter
coefficients , are given as

(6)

(7)

The initial value of is an empty matrix . Being the
adaptive factor, the update is described as

(8)

(9)

(10)

where is a small constant used to avoid to be zero. This
NLMS adaptive filter is applied to each of the 64 channels. Each
acceleration direction contributes to the MA and is there-
fore sequentially subtracted from the measured signal .

D. Validation

1) Fatigue Estimation: Before and after applying the NLMS
filter to the EMG data, which contains both muscle activity and
MA, the progression ofMF is estimated by time-frequency anal-
ysis of the bipolar EMG signal. This bipolar signal is obtained
by subtracting themean value of the lower, middle four channels
(52, 53, 60, 61) from the mean value of the upper, middle four
channels (4, 5, 12, 13), as shown in Fig. 7. The bipolar signal is
then band-pass filtered between 20–450 Hz by a FIR filter with
916 taps and down-sampled to 1024 Hz. A sliding window of 3 s
with 2-s overlap is adopted to calculate the short-time Fourier

Fig. 7. Electrode grid and bipolar signal for MF estimation.

transform (STFT). The MF is estimated as the first statistical
moment of the STFT amplitude spectrum. At the time instant ,
the MF is obtained as

(11)

where is the number of FFT points, the frequency [Hz], and
the amplitude spectrum at frequency . A linear regression

is then applied to the values obtained from all the windows and
the angular coefficient of the regression line is used as indicator
of myoelectric muscle fatigue.
The mechanical fatigue can be estimated by measuring the

difference in MVC before and after each treatment. The cor-
relation between mechanical fatigue and myoelectric fatigue is
estimated using the EMG signal processed before and after the
adaptive MA removal algorithm.
To compare the proposed adaptive NLMS algorithm with

published band-stop filters [18], [20], [24], myoelectric fatigue
is also estimated using the EMG signal after band-stop filtering.
A bandwidth of 1.6 Hz ( 0.8 Hz) around the vibration fre-
quency and its harmonics is set to zero, and the correlation be-
tween mechanical fatigue and myoelectric fatigue is estimated.
2) Measurement Protocol: Seven healthy subjects, four

males and three females with ages varying between 19 and
27 years (mean ; ), volunteered to partake
in the experiment. The subjects were seated on the test bench
with their elbow at 90 and were instructed to produce a
maximal force for 3 s. The MVC was measured three times
and the average value was considered as the reference for the
MVC. After establishing the MVC, the subjects performed 20 s
isometric contractions. The force, applied by the actuator to
the elbow flexor muscles during the entire 20-s contraction,
was the combination of a static force at 80% of the subject’s
MVC and a superimposed vibration with a constant amplitude
of 40 N and varying frequency. Four treatments, at 20, 30, 40,
and 50 Hz, were performed in random order, with a recovery
period of 25 min. Before and after each isometric contraction,
the MVC was measured to assess the extent of fatigue.
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Fig. 8. (a) Second-order model fits for different vibration amplitudes.
. (b) Average second order models for different baselines.

For validation, two of the enrolled volunteers performed an
additional test by placing their relaxed arm on top of the arm of
a subject performing isometric contraction. Also in these tests,
the surface EMG was measured and a 3-D accelerometer was
used. Due to the absence of contraction, these recordings con-
tained MA only, and could be used to validate the effectiveness
of motion artifact removal.

III. RESULTS

A. Calibration
The measurement of the load cell transfer function re-

vealed a linear behavior up to 300 N, with a correlation coeffi-
cient .
The dc response of the actuator was also linear ,

with angular coefficient of the estimated regression line equal
to 23.1 N/V.
The frequency response of the setup was also mea-

sured. Three datasets were obtained using different baselines
(3, 4, 5 V). Fig. 8(a) shows three examples of second order

TABLE I
ACTUATOR PARAMETERS FOR DIFFERENT CALIBRATION SETS (MEAN SD)

Fig. 9. EMG power spectrum before and after NLMS filtering: (a) EMG data
contains only MA; (b) EMG data contains both muscle activity and MA.

linear models fitted to the measurement dataset with baseline
, and different vibration amplitudes: 0.6, 0.8, and

1 V. For each of the three different baselines, an average second
order model was estimated that takes into account all the ten vi-
bration amplitudes. The resulting models are shown in Fig. 8(b).
The corresponding parameters ( , , and ) and the correlation
coefficients of the fits are reported in Table I.

B. Motion Artifact Removal
The adaptive NLMS algorithm was applied to the recorded

EMG data and two representative examples of the results ob-
tained in the whole dataset are displayed in Fig. 9. Fig. 9(a)
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Fig. 10. An example of MF estimation and linear fit for different vibration
frequencies (EMG data after NLMS filtering).

shows an example of the results after applying the filter to the
EMG data recorded with vibration at 30 Hz, containing only the
interference due to MA. It is clear that the high spectrum peaks
at the vibration frequency and its harmonics are efficiently can-
celed by the adaptive filter. Fig. 9(b) shows the filtering results
on an EMG dataset, which contains both muscle activity and
MA. A decrease in the 30, 60, and 90 Hz amplitude is clearly
visible, while the rest of the spectrum remains comparable. Sim-
ilar results were obtained for the entire dataset.
The effect of the NLMS algorithm is also assessed by ana-

lyzing the correlation coefficient between the MVC decay and
MF shift before and after MA removal. The MF progression for
one volunteer is shown in Fig. 10. An overal decrease in MF is
clear and the MF slope, expressed in Hz/s, is obtained by linear
regression. The correlation coefficient of the regression line is
larger than 0.9 for all MF data both before and after MA re-
moval. However, the correlation coefficient between the MVC
decay and MF slope is poor (0.31) before NLMS filtering, while
a significant increase in the correlation coefficient (0.80) is ap-
preciated after NLMS filtering.
When band-stop filtering [18], [20], [24] is used, the correla-

tion coefficient between the MVC decay and MF slope is 0.56.
The correlation coefficient of the MF regression line shows no
significant difference with respect to no filtering or NLMS fil-
tering .

IV. DISCUSSION AND CONCLUSION

This study presents a new isometric VE system for the upper
limbs. Frequencies up to 80 Hz and forces up to 300 N can be
generated. This is sufficient for strength training of elbow flexor
muscles [26]. The calibration of the system shows a high corre-
lation between a second order linear model fit and the measured
response of the actuator, enabling accurate control on the force
applied to the targeted elbow flexor muscles. However, the res-
onance frequencies of the second order model seem to increase
as the baseline increases. This effect is most probably to be as-
cribed to the nonlinear behavior of the elastic components in

the transmission chain, including all the shafts as well as the
aluminum bar.
Based on our results, the proposed system is a suitable

platform for studying the neuromuscular effects of vibration
training by EMG signal analysis. However, the influence of
motion artifacts induced by vibration may affect the estimation
of relevant EMG features, leading to overestimation of the
EMG energy or to wrong estimation of EMG-based fatigue
parameters [20], [25], [26]. These EMG features are essential
for the characterization of muscle performance. In this study,
an adaptive NLMS algorithm is proposed to decorrelate the
EMG signal induced by sensor motion and the muscle activity.
The proposed NLMS algorithm performs an effective

removal of the vibration frequencies and its harmonics, con-
firming our assumption of additive MA. However, in some
cases, the performance of this NLMS filter on real EMG data
is not as good as that on the EMG data containing MA only.
This may indicate either the presence of a small fraction of
multiplicative noise, caused e.g., by MA-induced impedance
variations [28], or the presence of an enhanced EMG compo-
nent at the vibration hamonics. Future dedicated studies are
therefore needed to investigate these effects.
Compared to other studies that force the vibration frequency

components to zero [18], [20], [24], the proposed NLMS al-
gorithm indicates that neuromuscular response around the vi-
bration frequency is present and enables more accurate anal-
ysis of neuromuscular responses, such as tonic vibration reflex
and muscle fiber recruitment, also at the vibration frequencies
[18], [20], [29]. In fact, the use of this adaptive NLMS filter
in sub-maximal contractions shows a significant increase in the
correlation coefficient betweenMVC decay andMF slope

as compared to the use of band-stop filters .
Our results suggests MF to be a good indicator for muscle fa-
tigue in sub-maximal contractions.
In conclusion, the realized system provides a suitable plat-

form to study the combined effect of muscle tension and vibra-
tion on muscle activation. Such a system enables new studies
to identify and model the physiological processes enhanced by
VE, possibly bringing new insight on neuromuscular reflex and
activation pathways. As a result, the most appropriate VE pro-
tocols for various populations could be determined.
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