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Abstract— Transcutaneous electrical stimulation has
been applied in tremor suppression applications. Out-of-
phase stimulation strategies applied above or below motor
threshold result in a significant attenuation of pathologi-
cal tremor. For stimulation to be properly timed, the vary-
ing phase relationship between agonist-antagonist muscle
activity during tremor needs to be accurately estimated in
real-time. Here we propose an online tremor phase and
frequency tracking technique for the customized control of
electrical stimulation, based on a phase-locked loop (PLL)
system applied to the estimated neural drive to muscles.
Surface electromyography signals were recorded from the
wrist extensor and flexor muscle groups of 13 essential
tremor patients during postural tremor. The EMG signals
were pre-processed and decomposed online and offline via
the convolution kernel compensation algorithm to discrim-
inate motor unit spike trains. The summation of motor unit
spike trains detected for each muscle was bandpass filtered
between 3 to 10 Hz to isolate the tremor related components
of the neural drive to muscles. The estimated tremorogenic
neural drive was used as input to a PLL that tracked the
phase differences between the two muscle groups. The
online estimated phase difference was compared with the
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phase calculated offline using a Hilbert Transform as a
ground truth. The results showed a rate of agreement of
0.88 ± 0.22 between offline and online EMG decomposition.
The PLL tracked the phase difference of tremor signals in
real-time with an average correlation of 0.86 ± 0.16 with the
ground truth (average error of 6.40◦ ± 3.49◦). Finally, the
online decomposition and phase estimation components
were integrated with an electrical stimulator and applied
in closed-loop on one patient, to representatively demon-
strate the working principle of the full tremor suppression
system. The results of this study support the feasibility of
real-time estimation of the phase of tremorogenic neural
drive to muscles,providinga methodology for future tremor-
suppression neuroprostheses.

Index Terms— Tremor, essential tremor, phase-locked
loop system, phase tracking.

I. INTRODUCTION

TREMOR is characterized by rhythmic oscillations of
body parts around joints [1], [2]. It is a common phenom-

enon that is experienced by healthy individuals (physiological
tremor) or by people with movement disorders, such as essen-
tial tremor (ET) and Parkinson’s disease (pathological tremor).
Physiological tremor is a low-amplitude and high-frequency
oscillation ranging from 8 to 12 Hz [3], [4] and is inherently
present in the activation of healthy muscles during voluntary
contractions and in particular during fatigue. Unlike physiolog-
ical tremor, pathological tremor has a broader frequency range
(1 to 25 Hz) and higher oscillatory amplitude [5], [6]. This type
of tremor is likely to be caused by abnormalities in either
the central nervous system, peripheral nervous system, their
pathways to muscles, or all of them together. The involvement
of this assembled structure at different frequencies of tremor
activities has been investigated using spectral coherence and
phase analysis [7]–[13].

Among different types of pathological tremor, ET is the
most common tremor disease, affecting 4% of people aged
over 50 [14]. ET is characterized by postural tremor that
occurs whilst maintaining a limb position against gravity [15]
and kinetic tremor that occurs when a body part is mov-
ing [16], [17]. Although pharmacotherapy and deep brain
stimulation surgery are the most common and effective treat-
ments for pathological tremor, these approaches have several
limitations and they are not always effective [18]. As an
alternative, the tremor rhythm can be attenuated by apply-
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ing mechanical perturbance [19], [20], transcranial magnetic
stimulation [21]–[23], or electrical stimulation to peripheral
nerves [24]–[27]. These techniques have been validated in
subjects with physiological tremor, Parkinson’s patients with
postural tremor, and ET patients [19]–[21], [23]–[27]. Among
these techniques, the use of electrical stimulation of peripheral
nerves seems to be the most viable for a wide clinical/home
use since it involves stimulation of distal parts of the body
where it is less likely to cause discomfort or side effects.

Electrical stimulation is used to generate muscle activa-
tions by providing impulses that excite the nerves supplying
muscles. Closed-loop electrical stimulation for tremor sup-
pression has been implemented in association with various
sensors, such as displacement sensors [28], inertial sensors
[29], [30], and surface and intramuscular electromyography
(EMG) [31]–[34]. In the literature several strategies have been
proposed to achieve tremor control, such as simultaneous stim-
ulation (to produce co-contraction of the antagonist muscles)
[35] and out-of-phase stimulation [30], [31], [36] with currents
either above or below the threshold for muscle activation [37].

Zhang et al. [32] demonstrated significant tremor sup-
pression, using artificial EMG-regulated neuronal oscillators
to control electrical stimulation, with stimulation parame-
ters tuned by a proportional-integral-differential controller of
motion signals. This technique achieved a 94% of tremor
amplitude suppression but has not been practically validated in
patients [32]. Maneski et al. [30] used an inertial sensor (gyro-
scope) to time the electrical stimulation in an out-of-phase
manner and tested the system on healthy subjects, Parkinson’s
patients, and ET patients. Although a tremor suppression of
67% was observed, the phase tracking by motion sensors
was associated with relatively large delays which would make
practical adoption difficult.

Closed-loop systems for tremor suppression based on EMG
have also been extensively investigated. Dideriksen et al. [31]
and Dosen et al. [36] have shown that out-of-phase subthresh-
old stimulation (below the threshold of muscle activation)
could reduce tremor, as measured by the oscillations of the
affected joint (the wrist). Although the out-of-phase stimula-
tion strategy produces significant levels of tremor attenuation,
recent studies have demonstrated that the phase differences
between a pair of antagonist muscle activities at the tremor
frequency of 3 to 10 Hz varies greatly and rapidly over
time [12], [38], meaning an accurate real-time estimation of
muscle activity phase during tremor is needed for continuous
control. For this reason, we propose a system for real-time
estimation of the phase difference in the neural drive to
agonist and antagonist muscles during tremor. The neural
drives are estimated by online decomposition of high-density
EMG signals into individual motor units (MUs) because they
are the best representatives of the neural command from the
central nervous system through their pathways to muscles [9],
[38], [39]. The phase of the neural drives is tracked by
a phase-locked loop (PLL) system and used to control the
stimulation timing. We provide extensive results on validation
of all parts of the system, both offline and online on patients’
data. Following this validation, we show the working principle
of the full system in closed-loop in one ET patient, as a proof-
of-concept demonstration.

Fig. 1. Closed-loop tremor suppression system flow chart.

II. MATERIAL AND METHODS

A. Patients

Data for the validation of the system components were
recorded from 13 ET patients (5 women; age 68.9 ± 0.8 yrs)
with a diagnosis of ET according to the Movement Disorder
Society consensus criteria [2]. All patients had a prominent
postural forearm tremor, at grade 2 - 4 on the Fahn - Tolosa -
Marin tremor rating scale. Tremor severity in the most affected
limb was 28.9 ± 10.3 (ranging from 10 to 51). Average disease
duration was 17.3 ± 9.5 yrs, ranging from 2 to 43 yrs. Seven
patients had left tremor predominance, five patients had right
tremor predominance and one patient had bilateral tremor.
Three of the patients were not on medical treatment while the
rest of the patients used medications to treat tremor. All the
patients were asked to discontinue their treatment prior to the
experiment and none of them had been treated with deep brain
stimulation. Following the validation of all system components
on the 13 patients, an additional ET patient (male, 79 yrs)
with prominent postural forearm tremor on the right side was
recruited for the proof-of-concept real-time demonstration of
the full closed-loop tremor suppression system. All procedures
were approved by the Ethical Committee at the University
Hospital “12 de Octubre” (Madrid) (for the tests on the
13 patients) and by the Imperial College Ethical Committee
(for the proof-of-concept demonstration), in compliance with
the Declaration of Helsinki. Written and signed informed
consent was obtained from all study participants.

B. Closed - Loop Tremor Suppression System

Fig. 1 illustrates the process of estimating the phase differ-
ence of an antagonist pair of muscle activity to control the
timing of electrical stimulation using cumulative spike train.
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The process includes high-density surface EMG recordings
from the extensor and flexor muscle groups (1), blanking
of the stimulation artefact (2), online EMG decomposition
using the convolution kernel compensation algorithm (3), low-
pass filter of the cumulative spike trains (4), phase estimation
using a phase-locked loop (PLL) system (5), and stimulation
controller (6). The EMG signals from the two muscle groups
were separately decomposed into MU spike trains before
summation to create the cumulative spike trains and low-pass
filtered at the tremor frequency (3 to 10 Hz). The phases of
these filtered signals were then estimated using a PLL system
which generated phase-locked signals of both muscles. Finally,
the phases of the signals were used to control the stimulator
in an out-of-phase manner. Specifically, the stimulation for the
extensor muscle group was timed based on the phase of the
flexor muscle activity and vice versa.

C. EMG Recording and Decomposition

For offline validation of the system, recorded tremor data
were used to assess the accuracy of the proposed online
decomposition and the phase-locked loop system. During the
recording, the patients were seated on a comfortable armchair
with their forearms fully supported. Postural tremor was
provoked by asking the patients to stretch their dominant
hand against gravity. Two 30-s recordings of 64 channels
of the EMG data (grids of 13 x 5 electrodes -1 missing at
the corner, inter-electrode distance 8 mm, single differential
configuration) were acquired (EMG-USB2; OT-Bioelettronica,
Italy, 2048-Hz sampling frequency and 12-bit analog-to-digital
conversion) from the extensor and flexor muscle groups,
providing 26 data sets from 13 patients.

The multi-channel EMG signal (Xi ) can be mathematically
described as a convolutive mixture of the impulse responses of
filters representing motor unit action potential (MUAP) shapes,
hi j with a series of MU discharge timing (MU spike trains,
Sj ) as described in (1) [40].

Xi (n)=
∑N

j=1

∑L−1

l=0
hi j (l) Sj (n−l) , i = 1, . . . , M (1)

where N and M are the number of MUs (sources) and
EMG channels, respectively. From this model, the MU spike
trains (Sj ) were discriminated from the EMG signals using
the convolution kernel compensation decomposition algo-
rithm [41]–[43].

Sj was calculated using the correlation matrix of the
extended (delayed repetitions) observations (EMG sig-
nals) [42], and the cross-correlation vector between the EMG
signals and the estimated MU spike trains. The product of
the cross-correlation vectors and the correlation matrix were
multiplied by the extended EMGs yielding MU spike trains
[42, eq(17)]. In the offline decomposition, cross-correlation
vectors were calculated from the whole recording period
whereas for the online decomposition they were initialized
from the first 10 s of the 30 s-long EMG recordings and
applied to the remaining 20 s for online validation [40].

We have assessed that 10 s is a sufficient period for estimat-
ing the MUAP shapes of individual MUs of tremor EMGs as
the spike triggered averaging [44] of the first 10 s or the whole

Fig. 2. Representative example of a comparison of the MUAP shapes
of extensor muscles detected using the first 10 s-long EMG signals and
the whole length of the signals (30 s). The MUAP shapes detected using
10 s were similar to those detected from the 30 s – long signals.

30 s of data yielded similar multi-channel MUAP templates
(Fig. 2). The likelihood of estimated MU spike trains to be
genuine were estimated using a validated metric, the pulse-
to-noise ratio (PNR) [45]. Although PNR value of 30 dB
is recommended for identification of individual MU spike
trains [40], we accepted the spike trains with PNR ≥ 26 dB.
Namely, we were not using individual spike trains in this study.
Instead, all of the retained MU spike trains of each muscle
were summed to create cumulative spike trains. Note that the
quality of cumulative spike trains increases with the number of
included MUs [46], whereas slightly increased rate of errors
in estimation of individual MU discharges was not detrimental
for the performance of our phase-locked loop system. The
cumulative spike trains were then bandpass filtered (third-
order Butterworth) at 3 to 10 Hz to isolate the tremor-related
components of the neural drive [12].

D. Phase-Locked Loop (PLL) System

PLL is a feedback system capable of synchronizing phase
and frequency of two waveforms. It consists of three com-
ponents: a phase/frequency detector, a low-pass filter, and a
voltage control oscillator (VCO). The PLL tracks phase and
frequency shift of an input signal by proportionally varying
the frequency of the VCO to match the input frequency which,
thereby, induces phase locking between them.

There are several models of the PLL such as the linearized
PLL which is the simplest model (used for example in [47])
and the digital charge pump PLL which is modified by
replacing one or more components with digital circuitries.
In this study, we used a digital charge pump PLL due to its
large capture phase range (up to 4π) and the use of edge-
triggered flipflop which produces no phase offset and makes
the system insensitive to duty cycle of input signals [48].

Specifically, the phase and frequency of the filtered cumu-
lative spike trains were identified by a tri-stage detector which
differentiates the zero-crossing state of the input (cumulative
spike trains) signal and the signal estimated from the VCO
which initially generates synthesized signal at the quiescent
frequency (Qs). The state difference was then multiplied with
the pump current gain (IP ) to produce a sequence of control
voltage that adjusts the Qs and minimizes the phase error
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Fig. 3. The first seven panels depict representative examples of 7 individual MU spike trains identified by the offline decomposition (red line) and
online decomposition (blue dashed line) from extensor muscles. The following panels are their cumulative spike trains and the filtered cumulative spike
trains at 3 to 10 Hz, respectively. Each vertical line represents an MU discharge and disagreements between the online and offline decomposition
are denoted by small black dots. The RoAs indicate the similarity of the discharge of each MU between offline and online decomposition.

between the cumulative spike train signal and the estimated
signals until their phases are locked. In order to reduce
the ripple of the logical control voltage signal (Vcont ) and
discard its harmonics, the Vcont was low-pass filtered using
a Chebyshev filter (type II, third order). The linear function
which relates the VCO output frequency to Vcont is

ωout (t) = Qs + KvcoVcont (t) , (2)

where Kvco is the VCO sensitivity in radian/second/volt.
The charge-pump PLL was simulated in MATLAB Simulink

(2020b). The Qs and the Kvco of the PLL were simulated
using Mixed-Signal Blockset. These parameters were deter-
mined to allow the VCO to vary its frequency around the
tremor frequency range of 3 to 10 Hz. The following specific
values were selected: low-pass cut-off frequency = 18 Hz,
VCO gain = 0.4, Ip = 1, Kvco = 3.5 radian/second/volt and
Qs = 6.5 radian/second. The same parameters were used for
all the data sets.

E. Proof-of-Concept Demonstration of the Online Tremor
Suppression System

Following the extensive offline and online validation, the
proposed system was further tested on one ET patient in
closed loop. EMG high-density electrode type and position
follow the description in Section II-C. A portable multichannel
amplifier (Quattrocento, OT Bioelettronica, Italy) was used to
acquire the EMG signals, which were amplified with gain of
150, sampled at 2048 Hz, and AD converted on 16 bits. The
stimulation was delivered online with the stimulation timing
corresponding to the phase of the neural drive to its antagonist

muscle to counteract tremor. The stimulation artefacts that con-
taminated the EMGs were blanked before the decomposition
and phase estimation processes. The threshold for the artefact
removal was set at 95% of the average artefact peaks in the
first 2 s of the recordings obtained during stimulation. Twenty-
five samples of EMG (5 before and 20 after the artefact
peaks) were blanked. Blanked EMG recordings were then
decomposed online to extract MU spike trains.

During the real-time proof-of-concept demonstration, a
dual-phase approach to online decomposition was used [49].
During the training phase, the subject was provided with visual
feedback using the average of the root mean square amplitude
of all the EMG channels (128 channels). The subject was
seated in a comfortable position (with elbow supported) and
the forearm in postural position. The training phase started
with estimation of the maximum voluntary contraction during
a palmar grasp. The subject was then presented and asked to
follow (by performing a palmar grasp) a 4-s ramp trajectory
(3.75% MVC/s) followed by a 45 s constant trajectory at
15% of the MVC. The data acquired during the training
phase was then used to compute the real-time decomposition
parameters. The rationale for choosing the palmar grasp during
training was to co-activate both extensor and flexor muscle
groups allowing the simultaneous training of the agonist and
antagonist muscles. During the online decomposition phase,
the subject was provided with the real-time raster plots of the
MU spiking.

EAST, a portable multichannel stimulator (OT Bioelettron-
ica, Italy) was used to deliver positive electrical pulses with
300 μs pulse width and 100 Hz frequency [36]. Two circular
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ValuTrode cloth neurostimulation electrodes (3.2cm ∅) were
attached close to the later epicondyle of the elbow and proxi-
mal to the elbow crease to stimulate the extensor muscle and
flexor muscle groups, respectively [36]. A rectangular cloth
neurostimulation electrodes (5cm x 9cm) was positioned over
the olecranon to act as common anode. To determine electrode
positions prior to the start of the experiment, a sponge-attached
stimulation electrode was slightly moved around the areas to
determine where the motor response, slight flexion and exten-
sion of the wrist, could be activated. The stimulation frequency
was set to 100 Hz and the pulse width to 300 μs as during
the probing phase. As afferent stimulation (below the motor
threshold) is as effective as motor stimulation (above the motor
threshold) in suppressing tremor [36], we opted for afferent
stimulation that prevents muscle fatigue and discomfort for
the patients. The intensity of the stimulation was gradually
increased from 1 mA in 1 mA step to determine the motor
threshold. The intensity 1mA below this motor threshold was
selected for the afferent stimulation. In this study, the intensity
used for the extensor and flexor muscle stimulation was 14 mA
and 8 mA, respectively.

The signal outputs (estimated phase of the filtered cumu-
lative spike train during tremor) from the PLL were used to
control the stimulation in an out-of-phase manner. Specifically,
the estimated phase of the flexor muscle activity was used to
time the stimulation of the extensor muscle group and vice
versa. Each stimulation was activated when the instantaneous
phase of the signal output was larger than 63◦ (70% of the PLL
output amplitude). The activation of the stimulation, therefore,
was adjusted according to the phase of the muscle activity.
If the phases of the muscle activity from the extensor and
flexor muscles was fully overlapped, the stimulation was not
activated.

F. Data Analysis

Decomposition accuracy was validated on the pre-recorded
data of the 13 patients. We assessed the accuracy of the online
EMG decomposition on the tremor recordings by comparing
their extracted MU spike trains with those decomposed from
the offline decomposition using the Rate of Agreement (RoA)
metric [40]

RoA j = Ci

C j + A j + B j
(3)

where C j is the number of discharges of the j MU spike train
that was identified by both decompositions (tolerance set to
0.5 ms), A j is the number of unmatched discharges of the j
MU spike train identified from the offline decomposition and
B j is the number of unmatched discharges identified by the
online decomposition.

The performance of the PLL was validated using the cumu-
lative spike trains decomposed from the online and offline
techniques. The groups of MU spike trains extracted from
both techniques were used as inputs of the PLL system to
assess their phases. The PLL separately estimates the phase
of antagonist pair of muscles (extensors and flexors) before
their phases were subtracted to obtain the estimated phase
difference (P DE ST ).

Fig. 4. Comparison of the estimated signal with the reference exten-
sor signal of MU spike train decomposed online of a representative
patient (a). The instantaneous frequency of the estimated signal and
the reference is shown in b. The circular histogram shows the error
between theϕE-on and theϕGT of the extensor signals (c). The estimated
signal shows high instantaneous frequency correlation value of 0.89 and
difference in phase compared to theϕGT concentrated at - 0.99◦ showing
the ability of the PLL in tracking the frequency and the main phase of
individual muscle activations.

To evaluate the system performance in tracking the agonist-
antagonist phase difference, a ground truth phase difference
(P DGT ) is required for the comparison. The P DGT was
calculated offline from the Hilbert Transform, a commonly
used technique to calculate phase [29], [50], from 30 s-long
cumulative spike trains of antagonist muscle pairs decomposed
offline and filtered at the tremor frequency. We used the
MU spike trains decomposed using the offline convolution
kernel compensation method as the ground truth to calculate
the P DGT because this technique has been validated with
simulated tremor signals with added voluntary movement and
experimental data from Parkinson’s patients and ET patients
performing isometric contractions [51]. This technique has
high accuracy in decomposing simulation signals compared
with their reference and is able to identify the main character-
istics of tremor-related MU activity similar to the observation
via intramuscular EMG recordings [52], [53].

The correlation between the P DE ST (using offline or online
decompositions) and the P DGT was then calculated using
cross-correlation analysis. Circular histograms with 40-bin
were used to plot the P DE ST and P DGT and the error
between them. The mean phase difference and their standard
variation were compared.

For the proof-of-concept demonstration, the experiment
started with 30s of baseline (stimulation off) followed by 30 s
of stimulation on and repeated for 5 trials for each condition.
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Fig. 5. The circular histogram shows the antagonist phase difference of the ground truth (PDGT; a) and the estimated phase difference from the
PLL (PDE-on; b). The error between the PDGT and PDE-on was shown in (c). The small difference between the PDGT and the PDE-on indicates that
the phase of the PLL estimated signal is similar to the GT. Panel d depicts the tremor signals of extensor (purple line) and flexor (green dashed line)
muscle groups. Panel e shows the comparison of PDGT (red line) and PDE-on (blue dashed line).

To assess the tremor during the stimulation as well as no-
stimulation phases, a camera system was used. Three green
markers (1.2cm × 1.2cm) were attached to the ulnar head
of the fifth metacarpal bone (M1), the ulnar styloid process
(M2), and in correspondence of the ulnar bone, 1/3 of the
forearm distally (M3). A custom script written in Python
3.8 was used to manage video capture (30 frames per second)
and marker position recognition for later post-processing to
compute the wrist joint angle. The wrist flexion/extension
angle was estimated as the acute angle between the directions
identified by (M1, M2) and (M2, M3).

G. Statistical Analysis

The normality of variables including the average phase
difference and the correlation values were visually observed
using histogram plot and assessed using the Shapiro–Wilk test.
To compare the estimated variables with their ground truths,
pairs of normally distributed variables were compared using
paired t-tests, whereas the Mann–Whitney–Wilcoxon test was
used to compare non-normal data. The correlations between
two variables were measured using the Pearson’s correlation
test for normally distributed data and the Spearman’s correla-
tion test for non-normal data. In all cases, the null hypothesis
was rejected for P-values < 0.05. The results are represented
as means ± SD and median (IQR).

III. RESULTS

A. Validation of the Online Decomposition

Decomposition accuracy was validated on the pre-recorded
data of the 13 patients, which were processed simulating an

online decomposition. The total number of identified MUs
for offline and online identification (MU tracking with PNR
>26 dB) were 11.6 ± 5.2 and 10.8 ± 5.5 for extensor muscles,
and 4.9 ± 2.6 and 4.7 ± 2.4 for flexor muscles, respectively.

Fig. 2 shows the MUAP shapes of the MUs decomposed
in the first 10 s of a representative subject and the MUAP
shapes of the MUs decomposed from the whole duration of
the signals. The mean discharge rates were 11.4 ± 2.3 Hz and
11.5 ± 2.8 Hz for the MUs decomposed offline and online,
respectively. The averaged RoA was 0.88 ± 0.22 across all the
MUs detected from both algorithms. Across patients, the mean
tremor frequency as estimated by the power peak frequency
of power spectrum density within the tremor frequency range
(3 to 10 Hz, Welch’s method) was 6.8 ± 0.9 Hz, ranging from
5.5 to 8.8 Hz.

Fig. 3 illustrates a subset of the identified MU spike trains
using online and offline decompositions and their cumulative
spike train of extensor muscles of a representative subject. The
vertical lines indicate the discharges of each MU and the dots
denote disagreement of the discharges.

B. Validation of the PLL System

Hereafter, the ground truth variables will be indicated with
the subscript ‘GT’ and the estimated variables with the sub-
script ‘E’. We will add ‘off’ and ‘ on’ for the variables esti-
mated from the MU spike train decomposed offline and online,
respectively. Note that the figures show the comparison of
analysis obtained from the cumulative spike train decomposed
online and the GT. The comparison of the analysis obtained
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Fig. 6. The error between the estimated phase difference from the
PLL using MU spike trains decomposed from the offline and online tech-
niques, and the phase difference of the ground truth signals calculated
using the Hilbert transform. The P-value of 0.1 (Wilcoxon rank sum test)
shows no significant difference in the use of offline or online decomposed
MU spike trains in estimating the antagonist muscles phase difference
via PLL.

from cumulative spike train decomposed offline with the GT
can be found in the text.

1) Performance of PLL in Detecting the Phase of Neural
Drive in Individual Muscles: Phase estimates for individual
muscles were assessed to ensure that the PLL could follow
the frequency and phase of the reference signals. Fig. 4a
illustrates the reference signal (red line) and the estimated
signal from the PLL (blue dashed line) of the extensor muscle
group of a representative patient. In theory, the phase of two
signals will be locked when the frequencies of the two are
equal. We have assessed the instantaneous frequency of the
estimated signal to investigate if the PLL could follow the
changes of the reference instantanous frequency (ωGT ) within
the tremor range. The median of the correlation with the
ωGT of both muscles was 0.86 (0.17) and 0.86 (0.11) for
ωE−off and ωE−on , respectively. This shows high similarity
of the estimated instantaneous frequency and the ground truth.
Fig. 4b shows the comparison of the ωE−on (blue dashed line)
with their ωGT (red line) of the same muscle. Similarly, the
correlation of instantaneous phase of all patients compared
with the GT were 0.88 (0.09) and 0.88 (0.08) for ϕE−off and
ϕE−on , respectively. The circular histogram shown in Fig. 4c,
illustrates high similarity between ϕGT and ϕE−on .

2) Performance of PLL in Tracking the Phase Difference
Between Neural Drives to Antagonist Muscle Pairs: The phase
difference (P D) between the activations of antagonist muscle
pairs was calculated by subtracting the instantaneous phase
of extensor with those of flexor muscles. We assessed the
performance of the PLL in estimating the phase difference by
calculating the correlation between the P DE and the P DGT .
Fig. 5 illustrates the circular histograms of the antagonist
P DE−on (a) and P DGT (b), respectively, whereas the dif-
ferences between them is shown in Fig. 5c. Fig. 5d shows the
ground truth extensor and flexor muscle activities reflecting the

Fig. 7. Example of discharge timings of 12 and 11 identified MUs (gray
lines) with corresponding cumulative spike trains from extensor (b) and
flexor (c) muscles. The stimulation timings are indicated by the vertical
lines. The wrist angles in two representative intervals of stimulation off
(blue line) and on (red line) are compared in (d) and the positions of
the electrodes and markers are shown in (a). Note that the plots of
discharge times are not aligned to those of wrist angle (all of them are
representative plots extracted from different intervals during the proof-
of-concept experiment).

alternate bursts of tremor-related activations of the antagonist
pair of muscles. A relatively low difference (error) between
the P DE and the P DGT of 6.10◦ and a correlation of 0.95
indicated a high similarity between them.

The time-varying P DGT (red line) and P DE−on (blue
dashed line) were compared in Fig. 5e. The median of the
absolute error and the correlation values across all subjects
were 2.32◦ (6.77◦) and 0.90 (0.12), respectively, for the esti-
mation using MU spike trains decomposed offline and 6.40◦
(3.49◦) and 0.86 (0.16) for the estimation using MUs from
online decomposition technique. Statistical analysis showed
that the estimates of phase difference using either online or
offline techniques were not significantly different (P-value =
0.1, Wilcoxon rank sum test, Fig. 6). However, the phase dif-
ference showed no significant correlation between offline and
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online decomposition (R = 0.52, P-value = 0.07, Spearman’s
correlation test).

3) Proof-of-ConceptDemonstration of the Online Tremor Sup-
pression System: The system was preliminarily tested online
on an ET patient. Fig. 7a illustrates the patient’s forearm
with HD-EMG matrix, stimulation electrodes and three mark-
ers on. The tremor frequency was 5.5 ± 1.4 Hz (average
of the frequency corresponding to the peak of the power
spectral density of the cumulative spike train filtered in the
bandwidth 3 to 10 Hz across the 5 “stimulation off” trials).
21 and 11 MUs were decomposed from extensor and flexor
muscles with firing rates of 11.7 ± 2.9 and 11.8 ± 2.5 pulse
per second, respectively. Fig. 7 shows the cumulative spike
trains decomposed online and the stimulation timings to
extensor (b) and flexor (c) muscles during the “stimulation
on” condition. The wrist angle is qualitatively compared for
the case of stimulation and absence of stimulation in Fig. 7d.
Overall, the closed-loop online test preliminarily demonstrated
the potential and feasibility of the full recording system. While
it is not possible from these representative results to draw
conclusions on the level of tremor suppression, the provided
demonstration shows that all system parts correctly work when
applied in conditions similar to the target clinical application.

IV. DISCUSSION AND CONCLUSION

We have presented a real-time system (EMG decomposition
followed by PLL on cumulative spike trains) that estimates the
phase difference over time between tremorogenic neural drives
to agonist-antagonist muscle pairs. This system can be used to
drive electrical stimulation in closed loop to suppress tremor.

Various tremor suppression systems have exploited mechan-
ical and inertial systems [29], [30], as well as EMG record-
ings [31]–[34], in order to tune the stimulation parameters (e.g.
timing and frequency). Although the surface EMG enhances
the accuracy of stimulation timing, estimating the phase of
the signal from the surface EMG might not be reliable since
it is not a perfect representative of the neural activation to the
muscles [39], [54]–[56]. A better control of the stimulation
parameters can be obtained by accurately identifying the
discharge timings of MUs found by applying blind source
separation algorithms to high-density surface EMG [42],
[43], [57]–[61]. In this study, the validated offline [42],
[61], [62] and online convolution kernel compensation decom-
position [40] were used to discriminate the spike trains of each
MU from the EMG of ET patients. The results show that the
online decomposition has equivalent performance to the offline
decomposition as calculated by the popular convolution kernel
compensation source-separation algorithm. It is worth noting
that the online decomposition was previously validated with
data recorded from healthy subject [40] and the MU activities
during tremor are highly correlated due to enhanced short-term
synchronization [51]. Therefore, a further validation of online
decomposition in data collected from this patient population
was missing and it was carried out in this study.

In order to track the phase of muscle activity during tremor,
a PLL (which is generally used to synchronize phase and
frequency of two waveforms) was implemented and tuned

by the discharge timing of the decomposed MU spike trains.
Compared with the phase calculated offline using the Hilbert
transform, the PLL provided highly accurate tracking of the
phase difference. The PLL was also able to provide compara-
ble estimation using either MU spike train decomposed offline
or online to estimate the phases (no significant difference in
the average phase difference of the estimated and the ground
truth).

The advantage of implementing the PLL in the tremor
suppression system is its ability to continuously produce a
voltage oscillation closely following the phase of the refer-
ence tremor signals in real-time, as well as strictly follow-
ing the frequency of the reference signals in a predefined
frequency band (in this case, the tremor frequency between
3 and 10 Hz).

This ensures that only the tremor-related components of
the reference signal are tracked and used to activate an
electrical stimulator. This voltage oscillation signal could be
used in real-time to modify the stimulator activation timing.
A challenging limitation of PLL in tracking the phase is that
the control signal produced by the PLL starts its phase at
a pre-defined angle and needs a few milliseconds to adjust
its initial phase to match the reference signal. Specifically,
if the tremor oscillates at around 6 Hz, which is equivalent to
0.16 s per cycle, the PLL will need at least this time to change
its frequency in order to follow the phase of the reference
signal in a following waveform. This may have an effect
when designing the stimulation of the tremor suppression
system, as operation needs to be divided into stimulation
periods and recording periods due to unavoidable stimulation
artefacts in the EMG signal [31], [36]. To overcome this
limitation, we have integrated the blanking algorithm to the
EMG before the decomposition. For every stimulation pulse,
25 samples of the EMG were blanked. As the decomposition
template was created during the training phase when the
stimulation is not activated, the blanking did not significantly
affect the performance of the decomposition. This allowed the
same number of MUs to be identified between the training,
“stimulation off” and “stimulation on” and the burst of the
tremor to be distinguished. The full closed-loop system was
tested on only one ET patient. For this patient, the proposed
system worked correctly in all parts. However, the reduction of
tremor varied among trials as the patient had very mild wrist
tremor with intermittent tremor absence during the recordings.
Therefore, it is not possible to draw general conclusions from
this result. Nonetheless, the proof-of-concept demonstration
showed the proper functioning of the system in a relevant clini-
cal application. The validation of the online tremor suppression
on more patients with broader range of tremor severity is still
required.

In conclusion, the online decomposition-based convo-
lution kernel compensation algorithm was validated with
high-density surface EMG recordings of ET patients showing
equivalent accuracy of the MU spike trains discrimination to
the use of the offline decomposition technique. The application
of the PLL to those decomposed MU spike trains shows
a promising performance for the tracking of the antagonist
muscles phase difference during postural tremor. The proposed



PUTTARAKSA et al.: ONLINE TRACKING OF PHASE DIFFERENCE 717

system was preliminarily integrated with a stimulator for a
complete verification of the closed-loop working principle.
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