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Control and Implementation of a Fluidic Elastomer
Actuator for Active Suppression of Hand Tremor

Yixin Wang1, Xin-Jun Liu1, and Huichan Zhao1

Abstract—Active exoskeletons for tremor suppression show
potential for treatment of pathological tremor thanks to their
non-invasive nature. However, the active force was only used
for the voluntary movement following. As a potential alter-
native, fluidic elastomer actuators (FEAs) possess compliance
and flexibility that is important for wearable devices. In this
study, we introduce the control implementation for a FEA to the
application of active suppression of hand tremor, which allows a
wearable FEA actively exerting force on the finger against tremor
and meanwhile following the voluntary motion. The proposed
pressure control algorithm could push the closed-loop pressure
control to 19 Hz cutoff frequency. A combination neural network
of GRU-MLP (Gated Recurrent Unit-Multilayer Perceptron) was
proposed to identify and control a fiber-reinforced FEA following
the voluntary movement of hand. The active tremor suppression
effectiveness of the proposed method was tested on a bench-
top tremor simulator, and such method could suppress the hand
tremor from the original amplitude of more than 5° to less than
1°. The proposed method paves a new way for tremor suppression
exoskeletons.

Index Terms—Modeling, control and Learning for soft robotics,
neural and fuzzy control, prosthetics and exoskeletons.

I. INTRODUCTION

APROXIMATELY 60% of those people affected by patho-
logical tremor (PT) experience movement disability in

their activities of daily living because of the involuntary,
rhythmic oscillations of body parts[1], [2]. Amid the treat-
ments for PT, exoskeletons for tremor suppression have shown
advantages and application potentials due to their relatively
low cost and the non invasive nature[3], [4]. Recent studies
in this field are classified into three major strategies: active
methods that apply active force on the human body[5], [6],
[7], [8], passive methods that utilize mechanical dampers with
a fixed value of damping[9], and semi-active methods utilizing
mechanical dampers with an adjustable value of damping
[10]. Active methods possess superiority such as their full
suppression of tremors due to their abilities to exert active
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force on the body against tremors. However, these active
methods did not exert active force on finger for resisting
against tremor and instead only utilized the active force to
follow the voluntary movement and relied on the passive
resistance of exoskeletons to achieve tremor suppression.

Soft exoskeletons driven by fluidic elastomer actuators
(FEAs) have the characteristics of comfort and safety due to
the inherent compliance of the materials they are constructed
from [11], [12], [13], using gas instead of liquid in the system
adds an additional layer of compliance to the exoskeletons.
Relevant studies have shown that there is a mapping rela-
tionship between the internal pressure and the output force
of FEAs [14], [15], thus making it feasible to exert active
force by rapidly regulating the internal pressure. For active
suppression of hand tremor, nevertheless, FEAs still lack the
following two subsystems: i) A pressure supply system (PSS)
to provide sufficient speed of response for generating fast-
changing pressure, and ii) algorithms that enable the FEAs to
identify and follow voluntary movements in the mixed signals
of tremor movements while exerting active force on the finger
against the tremor.

For the PSS, our previous work established a comprehensive
pressure and flow dynamic model of high speed PSSs and
demonstrated that for a cylinder-driven PSS, the pressure could
follow the movement of the piston at a frequency as high
as 39 Hz with negligible delay in phase and attenuation in
amplitude [16]. At such a frequency, it is feasible to generate
pressure that powers an FEA to suppress PT, as the frequency
of PT is commonly in a range of 3 Hz to 10 Hz[17], [18].
However, such a PSS still lacks a closed-loop pressure control
method with sufficient response speed. For the identification
of voluntary movement from tremor, low-pass and high-
pass digital filters were used [6], [7], but they had inherent
problems of time lag, meaning a certain time delay between
the identified voluntary movement and that of the ground truth.
Ibrahim et al. used a neural network for the first time to
identify voluntary movement [19], in which they utilized a
combination of one dimensional convolution neural network
(1D-CNN) and multilayer perceptron (MLP) in the computing
of the time series of the mixed movement and finally generated
the identified signal of voluntary movement. Results showed
that such a neural network could identify voluntary movement
with sufficient precision and without the problem of time lag.

In this study, we introduce a complete control system for
a fiber-reinforced FEA for the active suppression of hand
tremor, which is implemented on a wearable FEA-based
device (Fig. 1a). Compared with the previous active tremor
suppression strategies, we control a FEA to actively exert force
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TABLE I
COMPARISON OF ACTIVE TREMOR SUPPRESSION STRATEGIES

Author Actuator Usage of active force

Zhou [5] Brushless motor Tracking voluntary movement

Herrnstadt [7] Brushless motor Tracking voluntary movement

Skaramagkas [8] FEA Applying constant force on
fingertip

This work FEA
Tracking voluntary movement

and suppressing tremor
movement

on a finger to resist against tremor and meanwhile allow the
tracking of the voluntary movement (Table I).

We first propose and implement a feedforward control
algorithm to generate any pressure from a cylinder-driven PSS
based on the adiabatic process of the gas in the cylinder.
In the subsequent experiments, such a PSS is used as a
pressure servo. We then proposed a pressure prediction model
based on MLP which can predict the inner pressure of a
fiber-reinforced FEA according to the voluntary movement
signal. Subsequently, in the task of tremor signal separation,
we propose a tremor identification model based on a gated
recurrent unit (GRU) and compare the prediction results with
a conventional digital filter. Furthermore, based on the inte-
gration of aforementioned algorithms and models, an adaptive
tremor suppression algorithm is proposed and implemented,
which allows the FEA to actively exert force to suppress
the tremor, and the effect of suppression is validated on a
simulated finger with PT.

The main contributions of this study are as follows:
1) A feedforward pressure control algorithm used in

cylinder-driven PSS that can push the response speed
of pressure to the speed limit of the cylinder piston.

2) A control method that integrates two neural networks of
MLP and GRU, allowing the precise and synchronous
following of the FEA movement to the voluntary move-
ment in the mixed movement of tremor.

3) An adaptive and active tremor suppression algorithm,
allowing the FEA to exert active force against tremor to
achieve an improved suppression effect.

II. METHODS

A. Tremor-suppressing FEA design and experimental setups

We designed a fiber-reinforced FEA to suppress the tremor
on the human finger. As showed in Fig. 1b, the structure of the
FEA is basically a hollow silica rubber wrapped with a series
of nylon fiber hoops. When inflated the elastomer will deform
only along the long axis due to the limitation of the outer
hoop-shaped nylon reinforce layer. As is shown in Fig. 1a,
in its worn state, one end of the FEA is fixed on the base
(e.g., the palm) and the other end is fixed on the finger (e.g.
the proximal phalange). In such a state, the FEA bends upon
inflation and can exert a bending torque to the joint it includes.

We established a bench-top device to test our control on
FEA. As showed in Fig. 1a, the device was a shaft driven by a
servo motor (Key Fulcrum K7361V2, Himark Aero Tech Co.,

Ltd., Zhuhai, China). A 3D-printed finger was directly fixed
to a rectangular shaft and its bending movement around the
axis of shaft is transmitted to an encoder (ENC-4096, PUDI
Electronic Co., Ltd., Dongguan, China) through a coupling.
The readings of the encoder were regarded as actual bending
movement signal of the finger. The finger was driven by the
servo motor through a 3D-printed torsional spring to simulate
the original movement of finger. We regulated the stiffness
of the spring to a value of 0.13 N m/rad by adjusting its
geometrical parameters such as thickness of the spring plate
and number of the spring plate, which similar to human finger
joint (0.09 N m/rad) [20].

With the connection of the servo motor, the device showed
in Fig. 1a was used for the experiments that verify the
voluntary movement identification and the tremor suppression
abilities of the proposed algorithms. Without the connection
of the servo motor, the device was used for the data collection
experiments and validation experiments of the MLP model.
The disconnection of the servo motor from the spring was to
realize a condition that the bending of the finger is only driven
by the FEA.

Fig. 1. Tremor-suppressing FEA design and experimental setup with a simu-
lated finger. (a) Simulated finger setup for evaluating the tremor suppression
and voluntary movement following of the wearable FEA. The setup consists
of an encoder-1, a coupling-2, a base-3, a pair of bearings-4, a rectangular
shaft-5, a fiber-reinforced FEA-6, a 3D-printed finger-7, a 3D printed torsional
spring-8, a 3D-printed indicating plate of the motor’s motion-9 and a servo
motor-10. (b) Structural diagram of the fiber-reinforced FEA.

Fig. 2a depicts another setup that we used to evaluate the
FEA’s capability of following the voluntary movement of the
finger. This setup was similar to the one in Fig. 1a, instead
of using a motor, there was a handle that could be moved
manually to exert an arbitrary force to the simulated finger
through a force transducer (Nano17 Titanium, ATI Industrial
Automation, Inc., North Carolina, USA). The handle was
mounted on the shaft by a pair of bearings to ensure the
driving force will be completely applied on the finger through
the force transducer. The transducer between the handle and
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Fig. 2. Experimental setups. (a) Experimental setup for evaluating the
resistance that FEA applies to the finger during the voluntary movement
following control. The setup consists of an encoder-1, a coupling-2, a shaft-3,
a pair of bearings-4, a handle-5, a force transducer 6, a 3D printed finger-7, a
fiber-reinforced FEA 8, and a base-9. (b) Experimental setup of the pressure
servo.

the finger was to record the resistance force of the FEA to
the finger, and the value of the force was conversed to torque
by multiplication of the distance between the transducer to
the shaft. This device was used to compare the resistance of
different voluntary movement identification algorithms.

Fig. 2b shows the setup of the PSS driven by a cylinder
(MAL40×100, Wenzhou Jiangxin pneumatic hydraulic Co.,
Ltd., Zhejiang, China). A linear servo motor (ACM 090
60, Copley Controls Co., Canton, USA) drove the piston
of the cylinder to generate changing pressure in the cylin-
der. The pressure was recorded by a pressure transducer
(SCYG314, WUXI SEN measurement control technology Co.,
Ltd., Jiangsu, China) installed at the outlet of cylinder. The
desired position signal and the actual position signal of the
linear servo were transmitted between its driver and the MCU
(#1) (STM32F407VE, STMicroelectronics International NV.,
Geneva, Switzerland) via CANopen bus.

B. Overview of Control System

Fig. 3a shows the complete block diagram of the active
tremor suppression system, in which the experimental setup
corresponds to that shown in Fig. 1a. A PWM signal generated
by a separate MCU (#2) (STM32F407VE, STMicroelectronics
International NV., Geneva, Switzerland) drove the servo to
generate a mixed movement of voluntary and tremor, which
was transmitted to the simulated finger as a torque disturbance
through the torsional spring. The mixed movement of the
finger was collected by the encoder and fed to the GRU
model to predict the low-frequency voluntary movement.
Subsequently, the predicted voluntary movement was fed
to the MLP model to predict the pressure’s low frequency
component, which enabled the FEA to follow the voluntary
movement of the finger. Simultaneously, the tremor movement
signal was obtained based on the difference between the
predicted voluntary movement and the mixed movement and
fed to the tremor-suppression optimizer, which could give the
optimized amplitude and phase of the oscillating component
of the pressure driving signal, which was for actuating the
FEA to generate the active force against the tremor. The
aforementioned two components of pressure were fused and
fed to the PSS, and the actual pressure was propagated to
FEA through a tube to achieve the goal of following voluntary

Fig. 3. Control block diagrams. (a) The whole tremor suppression system.
(b) The detailed control block diagram of the PSS in (a).

movement and meanwhile suppressing tremor movement of
the finger.

In order to speed up the control loop, we used a personal
computer (CPU: Inter Core i7-7700HQ, 2.8 GHz; GPU:
NVIDIA GeForce 940MX, 8GB; RAM: 16GB) to execute the
training of GRU and MLP models and the tremor suppression
optimizer, and an MCU (#1) to execute the fusion of pressure
signals, the pressure control, the collection of encoder signals,
and the generation of sinusoidal pressure signals for active
suppressing of the tremor. The computer and MCU (#1)
communicated through a serial port, and the update frequency
of the control loop was 100 Hz.

C. Pressure Control Algorithm

Fig. 3b shows the detailed control block diagram of the PSS
block in Fig. 3a, where the experimental setup corresponds to
Fig. 2b. The adiabatic model in the diagram is the adiabatic
process of the air inside the cylinder:

pn
ρκn

=
pn−1

ρκn−1

(1)

where p is the gas pressure in cylinder, ρ is the density of
the gas in cylinder, κ is the specific heat ratio of gas, and the
subscript n and n−1 stand for the n–th and (n− 1)–th control
cycle, respectively. Replacing the density with a quotient of
mass and volume and deleting the mass terms on both sides
could give:

pnL
κ
n = pn−1L

κ
n−1 (2)

where L is the relative position of the piston inside the
cylinder. Rearranging (2) could give:

Ln = Ln−1

(
pn−1

pn

) 1
κ

(3)

From (3), we could calculate the desired piston position
based on the piston position and pressure of the previous
control cycle (which could be measured) and the current
desired pressure. The calculated desired piston position was
sent to the driver of linear servo motor for execution. The
above procedures could realize the feedforward closed loop
control of the pressure in the cylinder.
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Fig. 4. Training set of the MLP model that is used to predict the internal
pressure of the FEA based on desired voluntary bending angle of the finger.

In practice, there are two factors affecting the justification
of adiabatic assumption: heat exchange between the gas in
cylinder and the environment, as well as gas flow between the
cylinder and FEA. To address these deviations, as shown in
Fig. 3b, we fed the pressure of the gas in the cylinder and the
position of the cylinder piston back at a frequency of 400 Hz
in the control loop, making (3) based only on the process of
gas in cylinder as ideal adiabatic process in a time scale of
2.5 ms. The pressure change caused by the aforementioned two
factors becomes negligible under such short time scale, thus
ensuring rationality and accuracy of the adiabatic assumption
used in (3).

D. MLP Model

We used an MLP model with 4 hidden layers, 128 neurons
in each layer, and an activation function of tanh in each neuron,
to predict the driving pressure of FEA based on desired bend-
ing angle. Such a structure provides a good balance between
computational speed and prediction accuracy. Considering that
recent studies using neural networks to control FEA involved
the information of historical control status[15], the input of
MLP in this study was set to be the voluntary movement signal
that predicted by the GRU model for the last 8 control cycles.
The model was supposed to predict the driving pressure for the
FEA to reach the desired bending angle in real time, through
the training of quite an amount of collected experimental data
with bending angles and pressures of the FEA. We used the
aforementioned PSS to generate changing pressures to drive
the FEA bending to different positions, during which we
collected the information of bending angles and pressures with
the experimental setup shown in Fig. 1a (the servo motor was
disconnected from the torsional spring to realize a condition
that the 3D-printed finger and FEA are completely free from
external disturbances, where the bending of finger was only
driven by the FEA.) at a sampling rate of 100 Hz. The collected
data were then used to train the MLP model. To capture the
relationship between the FEA bending angles and the driving
pressures as comprehensive as possible thus the model can
predict the pressure more accurately, we designed three 50-
second damping oscillation pressure sequences with different
amplitudes and different equilibrium positions for the training
set, and the collected data are shown in Fig. 4.

Fig. 5. Training set of the GRU model used to separate voluntary movement
signal from mixed movement signal of voluntary and tremor movement. (a)
Overview of the training set. (b) Partial enlarged details in the time range
from 165 s to 185 s

E. GRU Model

The GRU model, frequently employed in time sequence
processing, was introduced by Cho et al. [21] to address
the challenges of long-term memory and unstable gradient
in recurrent neural networks (RNNs). A single GRU cell
shares the same interfaces as an RNN cell, including input,
previous hidden state, output, and current hidden state. This
cell computes the output and current hidden state based on
input and previous hidden state for each new data point in
a time sequence. Such processing enables the hidden state to
retain crucial information during time series input. The concept
of GRU relies on the regulating of the information in hidden
state by two gated units inside the GRU cell: reset gate and
upgrade gate. The reset gate determines how much information
from the previous hidden state should be forgotten, while the
update gate decides how much information from the current
input should be stored in the hidden state. These gates allow
for continuous updating of the hidden state when new data
points of time series are fed into network to recognize and
remember specific patterns during processing. Consequently,
such networks possess capabilities for isolating or predicting
specific information within a time series.

In this study, a GRU with 2 hidden layers, 20 neurons in
each layer, and an activation function of tanh in each neuron
was used to separate the voluntary movement signal from the
mixed signal of voluntary and tremulous movement. The input
of the model was the original signal recorded in the last 100
control cycles, and the output was the signal of the separated
voluntary movement.

Since the frequency of human voluntary movement is
mainly within 1 Hz whereas that of pathological tremor is
mainly within the range of 3 Hz to 10 Hz [17], [18], we used
randomly generated sequences of different frequencies mixed
together as the training set of GRU. The voluntary movement
was obtained by the spline interpolation of a random number
sequence in a range of 0° to 90°, in which the time interval
of interpolation was 0.01 s, and that of the random number
sequence was 1 s. The tremor movement was a series of
periodic signals with a time interval of 0.01 s, an amplitude in
the range of 0° to 5°, and a frequency in the range of 3 Hz to
10 Hz.

Using the above method, a mixed movement signal with
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a total duration of 200 s was generated for training the GRU
model, as shown in Fig. 5a. To enable the model to recognize
both moving and stationary voluntary movements, a stationary
voluntary movement was inserted between 180 s and 200 s in
the training set, as shown in Fig. 5b.

The two neural models (MLP and GRU) were trained
and deployed using Python 3.7 and TensorFlow 2.3, with an
optimizer of Adam and iterations of 300. The trained GRU
model was converted to the format of .tflite in order to increase
the computational speed.

F. Adaptive Tremor Suppression Optimizer

In order to make the FEA actively output the torque for
tremor suppressing, an adaptive optimizing algorithm based
on the minimum mean square of tremor signal is proposed.
In the algorithm, a sinusoidal form of pressure signal was
adopted and its phase and amplitude were regulated based on
the tremor signals adaptively.

Once the tremor suppression is enabled, the optimizer in
Fig. 3a firstly treats the tremor signal within the last 1 s as
an ideal sinusoidal signal and identifies its phase based on
the time stamp of the peaks. Assume the tremor signal is a
sinusoidal signal with amplitude A, frequency f , and phase ϕ,
and then the phase could be described as follows:

2πftip + ϕi =
pi

2
(4)

where tip is time stamp corresponding to the i–th peak of the
tremor signal, ϕi is the phase of the signal that is calculated
according to the i–th peak. The following equation is used to
normalize the phase to a range of -π–π:

ϕ̂i = ϕi − 2π · round
(
ϕi

2π

)
(5)

where round (·) is the rounding algorithm. The phase that
calculated by all peaks within 1 s are averaged to get final
phase of tremor signal to get more accurate identified phase:

ϕ =

∑n
i=1 ϕ̂

i

n
(6)

As the pressure signal used for tremor suppression needs to
be in a phase opposite to the tremor action, that is, there is
a phase difference of π radians between the actual pressure
signal and tremor signal, therefore, the phase that transmitted
from the optimizer to the sine wave generator could be
expressed as:

ϕs = ϕ+ π + ϕcorrect (7)

where ϕcorrect is the compensation value of the phase differ-
ence between actual and desired pressure value in PSS, which
could be calculated according to the following formula:

ϕcorrect = af + b (8)

in which the value of parameter a and b were obtained by
fitting the experimental phase-frequency characteristic curve
of the actual pressure and desired pressure in PSS (the curve
will be shown in later sections).

With a fixed value of ϕcorrect , we used the gradient
descent algorithm as the optimizer to regulate the amplitude
of pressure signal that is supposed to suppress tremor, at an
updating rate of 1 Hz. The optimization direction is set to be
the negative gradient of the Cost:

An
s = An−1

s − µ
∂Cost

∂As
= An−1

s − µ
Costn−2 − Costn−1

An−2
s −An−1

s
(9)

where As is the amplitude of the pressure signal, and super-
script n stand for the n–th update step. µ is the adjustment
step with value of 0.005 (kPa/°)2, and Cost is the mean square
value of the movement signal of tremor recorded in last 1 s.
In the first two update step, the value of A1

s and A2
s is

intuitively set to 3 kPa to 3.5 kPa, respectively. Therefore, the
initial gradient of Cost could be calculated based on Cost1

and Cost2 through first order difference and start the iteration
described by (9) from third update step.

III. RESULTS AND DISCUSSION

A. Frequency Response of PSS

Fig. 6. Frequency response curves of PSS. (a) Normalized amplitude
frequency curves. (b) Phase frequency curves.

Fig. 6 shows the frequency response curve of the PSS
obtained by experiment, during which the host MCU (#1)
was used to generate the sinusoidal signals with different
frequencies, and the amplitude and phase difference between
the actual signal and the reference signal were recorded and
analyzed. The blue lines in Fig. 6 represent the frequency
response of the actual position of the linear servo relative
to the desired position, and the orange lines represent the
frequency response of the actual pressure of PSS relative
to the desired pressure. It can be seen from Fig. 6 that
for the amplitude-frequency response of the pressure control
in PSS, its cut off frequency reaches approximately 19 Hz,
which is sufficient to generate the pressure signal required to
suppress tremor (usually 3 Hz to 10 Hz[17], [18]). In addition,
the frequency response curves of the position loop in the
linear servo basically coincide with those of the pressure loop,
indicating that the pressure control algorithm proposed in this
paper has pushed the dynamic performance of the pressure
generation to its upper limit.

B. Voluntary Movement Following using MLP

In the control system, the host MCU (#1) was used to
generate signals of different frequencies, which were then sent
to the MLP model to predict the pressure in FEA, and such
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Fig. 7. Pressure and bending angle signals collected in the control experiment
of PSS and MLP model with voluntary movement signal have frequency of
(a) 0.2 Hz, (b) 0.8 Hz, (c) 1.4 Hz, (d) 2.0 Hz.

signal was fed to the PSS to realize and finally drive the finger.
Fig. 7 shows the signals of pressure and finger movement
when FEA follows the voluntary movement signals of different
frequencies of 0.2 Hz to 2.0 Hz base on the pressure predicted
by MLP model. The mean absolute error (MAE) between the
desired and actual pressure in PSS is in a range of 0.27 kPa
to 2.09 kPa (Relative error: 0.36%-2.8%) when frequency of
voluntary movement is no more than 1.4 Hz, indicating that
PSS is able to accurately follow the dynamic pressure signals.
Besides, the MAEs of the MLP controlled FEA following
the voluntary movement signals of multiple frequencies are
in the range of 2.6° to 3.9° (relative error: 2.8% to 4.1%),
indicating its accuracy in following voluntary movements up
to 1.4 Hz. When the frequency increased by 2 Hz, the inertia of
the actuator and finger caused the finger vibrate at a bending
angle around 85°, which was regarded as the upper limit of
the frequency of voluntary movement that can be followed.

C. Voluntary movement identification with GRU

The experiment in this section was achieved by moving the
handle manually in Fig. 2a and collecting the signals of both
encoder and force transducer synchronously. The movement
of 3D printed finger was captured by the encoder and fed
to the GRU model, the output signals of GRU was regarded
as that of voluntary movement and fed to the MLP model,
generating the pressure signal to drive the FEA to bend and
follow the handle. Ideally, the force transducer would always
record zero forces as the FEA was dynamically pushing the
handle to follow the movement.

Fig. 8a and b show the finger rotation angle and the resistive
torque (recorded by the readings of the force transducer times
the arm length) when a 4th-ordered Butterworth filter with a
cutoff frequency of 1 Hz and the GRU are used to identify the
voluntary movement signal, respectively (see Supplementary
Video Section 1. Moving Experiment). With the Butterworth

Fig. 8. Moving experimental result to verify the voluntary movement
following ability with (a) 4th ordered Butterworth filter and (b) proposed GRU
model as voluntary movement identification algorithm, respectively. The black
dashed line in each subfigure represents the real-time voluntary movement
filtered by corresponding algorithm.

filter, the MAE of the moving resistance torque is 49.59 N mm,
while that with GRU is 15.05 N mm, which is significantly
reduced using GRU. Such an effect indicates a much smaller
resistance caused by the exoskeleton when following voluntary
movement and an increased comfort as wearable devices.

Fig. 9. Voluntary movement identifying and following ability with GRU and
MLP. (a) 0.8 Hz voluntary movement of 20° to 80° without tremor. (b) 0.2 Hz
voluntary movement of 20° to 80° with a 6 Hz tremor.

The abilities of the whole system following the voluntary
movement with and without tremor disturbance were verified
utilizing experiment setup shown in Fig. 1a and the control
system shown in Fig. 3a, in which the servo motor was
connected to the torsional spring and the active suppression
was disabled in the system. We compared the effect of the
control algorithm using the Butterworth filter and GRU on the
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Fig. 10. Visualization of spectrums of original and suppressed tremor by FEA. (a)–(c) Amplitude spectrums of tremor movement with bare finger, suppressed
by voluntary movement following and suppressed by active suppress algorithm, respectively. (d)–(f) Time-frequency spectrums of the finger movement that
is recorded when the active tremor suppression is continuously turned on and off.

voluntary movement following of the FEA. The servo motor
provided the same sinusoidal voluntary movements in a range
of 20° to 80° at a frequency of 0.8 Hz. Results in Fig. 9a shows
that the algorithm using the Butterworth filter yields a tracking
movement in a range of 28° to 60° and with time lag of 290 ms,
whereas the GRU yields a tracking movement in a range of 20°
to 80°, with negligible time lag. Both the comparisons of time
lag of the identified movement in Fig. 8 and Fig. 9 indicate it
is the time lag of the Butterworth filter in identifying voluntary
movement that causes non-trivial resistance from FEA to the
finger, thereby reducing the amplitude of the actual followed
voluntary movement.

The tremor disturbance with voluntary movement was pro-
vided by the mixed movement of servo motor that contains
a sinusoidal movement of 0.2 Hz in the range of 20° to
80° as voluntary and a sinusoidal movement of 6 Hz with
the amplitude of 5° as tremor. Results in Fig. 9b shows
that both the GRU and the Butterworth filter could identify
the voluntary movement and control the FEA to follow the
voluntary movement with the presence of tremor disturbance.
Both followed voluntary movements of FEA controlled by
the GRU and the Butterworth filter are basically consistent
with the reference movement from the servo motor. This
consistency is because the time lag caused by the Butterworth
filter is not significant compared the low frequency (0.2 Hz in
this experiment) of the voluntary movement, which reduces
the resistance of the FEA following the voluntary movement,
and therefore has less influence on the voluntary movement.

Compared with the digital filter algorithm such as the

Butterworth filter, the GRU model could ensure both accuracy
and zero-time lag of identifying voluntary movement under
disturbance of tremor at a higher frequency, so that the system
exhibit a lower interference with the voluntary movement from
the wearable FEA, demonstrating the potential of GRU as a
good alternative for identifying voluntary movement in the
mixed movement of both voluntary and tremor movement.

D. Active Tremor Suppression
In order to verify the active tremor suppression algorithm

proposed in this paper, the experimental setup showed in
Fig. 1a and control system showed in Fig. 2a were used to
test the algorithm. We recorded the movement signals under
the same set and in three states: bare finger, finger with the
FEA following voluntary movement only and finger with the
FEA active tremor suppression enabled. According to the
tremor movement reproduced on benchtop device in relative
studies[5], [6], [22], the servo was set as a mixture of a
sinusoidal movement of 0.2 Hz in the range of 20° to 80° as the
voluntary movement and a sinusoidal movement with the am-
plitude of 5° and of three independent frequency of 4 Hz, 6 Hz
and 8 Hz as the tremor. Based on the same aforementioned
disturbance, the amplitude spectrums of the finger movement
under the three states are shown in Fig. 10a–c. It can be seen
that with different tremor frequencies, the tremor amplitude
can be reduced by more than half only by the following of
voluntary movement of FEA. This is mainly due the increased
stiffness caused by the FEA’s elasticity suppressing the tremor
movement to a certain extent.
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Fig. 10d–f shows the time-frequency spectrum of the fin-
ger movement recorded when the active tremor suppression
function of FEA is continuously turn on and off under tremor
disturbance of different frequencies. The time-frequency spec-
trum was obtained through the wavelet transformation of the
recorded movement signal of finger. The results show that the
active suppression force applied on the basis of FEA voluntary
movement following can further suppress the tremor move-
ment. After the active suppression algorithm was enabled, the
optimizer could accurately identify the phase of tremor signal
and generate the suppression pressure to immediately suppress
tremor, and adaptively adjust the suppression pressure ampli-
tude through the subsequent algorithm. The tremor amplitude
of different frequencies was suppressed to smaller than 1°,
demonstrating an improved effect on tremor suppression com-
pared with the pure voluntary movement following. Section 2
in Supplementary Video shows the comparative demonstration
of the above process.

IV. CONCLUSION

In this work we demonstrated the control and implementa-
tion of a wearable FEA that could actively suppress the hand
tremor and simultaneously following the voluntary movement.
The proposed system utilized the compliance and flexibility of
FEA-based exoskeleton as well as the high efficiency of active
tremor suppression method, paving a new way for tremor-
suppression exoskeletons. The proposed control algorithms
and system were tested and characterized on a platform that
simulated both voluntary and tremor movement of finger. The
proposed feedforward pressure algorithm increased the closed-
loop cutoff frequency for pressure control of the cylinder-
driven PSS to its upper limit. In particular, in the case of PSS
with linear servo that has sufficient response speed, the pres-
sure response speed of which could meet the requirements of
tremor suppression. Compared with digital filtering algorithms
used in related external tremor suppression devices to identify
voluntary movement of the human body, the proposed com-
bination networks of GRU and MLP possess less resistance
in controlling the FEA to follow the voluntary movements of
the finger, which is important for the user experience with
wearable devices. Specifically, the ability of FEA to passively
suppress finger tremor by its own elasticity when following
the voluntary movement was found. The experimental data
further shows that the proposed active tremor suppression
algorithm could suppress the tremor amplitude to less than
1°. The control method and related algorithms proposed in
this paper should be of interest to researches in the field of
FEA and tremor suppression devices because of the feasibility
verification of FEA on active tremor suppression exoskeleton.
In the future, we will develop a hand exoskeleton that is driven
by FEAs and conduct human tests to study the phase and
frequency characteristics of finger tremor, verify the active
tremor suppression ability of the proposed control methods
and further improve them.
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