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ABSTRACT Trunk electromyography (EMG) has been widely used in many biomedical applications,
which is usually contaminated by electrocardiography (ECG) interference. Several methods have been
proposed for ECG removal from trunk EMG. However, most of them are either inaccurate or unsuitable
for online applications, e.g., prosthesis control. The aim of the present study is therefore to develop
an accurate ECG removal algorithm suitable for online applications. Each ECG wave was modeled by
Gaussian kernel functions and subtracted from the trunk measurement to obtain a clean EMG. Two synthetic
datasets were generated by mixing a real EMG with a healthy ECG and a dysrhythmia ECG, respectively.
Average rectified value (ARV) and mean frequency (MF) were calculated from the reconstructed EMG
and the clean EMG for performance evaluation. Moreover, real trunk EMG was recorded under isometric
contractions with different forces. Correlation coefficient (CC) between the amplitude of the reconstruct
EMG and the contraction force was calculated as performance metric. Small root mean square errors
were observed in ARV and MF between the clean EMG and reconstructed EMG, i.e., 2.5 ± 0.7 μv and
2.0 ± 0.4 Hz for the synthetic dataset containing healthy ECG and 3.1 ± 1.7 μv and 3.0 ± 1.2 Hz for that
containing dysrhythmia ECG. High CC (0.91 ± 0.12) between EMG amplitude and contraction force was
observed for real trunk EMG. Our algorithm outperforms many of the state-of-the-art algorithms and is
implemented in each cardiac cycle, enabling possible online applications such as prosthesis control.

INDEX TERMS Trunk electromyography, cardiac interference removal, electrocardiography modeling,
Gaussian kernel functions.

I. INTRODUCTION

SURFACE electromyography (sEMG) is a measure of
the electrical activity generated by the skeletal mus-

cles during contraction. It can be nonabrasively recorded on
the skin above the muscles, reflecting the functional state
of related muscles. sEMG is therefore widely employed in
many biomedical applications, such as the investigation of
the neuromuscular systems [1], studies of biomechanics [2],
controlling of myoelectric prosthesis [3], [4], and monitoring

of respiration, stress, and epilepsy [5]–[7]. In some appli-
cations, e.g., prosthesis control and respiratory monitoring,
sEMG has to be recorded from trunk muscles, such as
pectoralis, diaphragm, and intercostal muscles [8]–[11].
Unfortunately, trunk EMG is usually contaminated by

electrocardiography (ECG) [12], [13]. In trunk EMG mea-
surement, this interference is unnegligible due to the low
signal-to-noise ratio (SNR) between EMG and ECG, i.e.,
around −10 to −20 dB [14]. R peaks of ECG can be
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clearly observed in trunk EMG [15]. It is difficult to sepa-
rate these two signals by simple frequency-selective filtering
approaches since their frequencies overlap in a very wide
range, e.g., 20-100 Hz [16]. The ECG interference ham-
pers strongly the practical applications of trunk EMG and,
therefore, needs to be carefully removed before further
analysis.
A number of algorithms have been proposed for the off-

line removal of ECG interference from trunk EMG. Gating
(GT) [17] and high pass filtering (HPF) [18] are simple and
most widespread methods in clinical practice. GT detects
the R peaks in contaminated EMG and then sets the sam-
ples within the QRS interval, usually around 0.1s [17], to
zero. This strategy will obviously lead to loss of EMG
components in the QRS interval, particularly for high heart
rates. HPF, typically with a cutoff frequency of 30 Hz, is
also suggested to remove the ECG interference from trunk
EMG [18]. However, the intrinsic limitation on frequency
overlap makes it impossible to separate ECG and EMG
components completely.
Template subtraction (TS), as firstly introduced in [19],

is a more advanced algorithm for ECG interference removal
from trunk EMG. TS method first builds an ECG template
by aligning and averaging several QRS waveforms based on
the assumptions that EMG is Gaussian distributed with zero
mean and ECG is quasi-periodic [14], [20]. Clean EMG is
then extracted by subtracting the obtained template from the
original signal.
Blind source separation (BSS), such as singular value

decomposition (SVD), principle component analysis (PCA),
and independent component analysis (ICA), has also been
investigated for ECG interference cancellation [15], [21], par-
ticularly in multichannel settings. ICA is popular in EMG
denoising under the assumption that EMG and ECG are inde-
pendent [15], [22], [23]. However, automatic identification
of the noise components related to ECG is challenging [15].
Besides, the BBS method generally requires multichannel
input signals, and not applicable to single channel recording.
A recent study, however, proposed a single-channel based
SVD method to remove ECG interference from trunk EMG
with promising results [21].
Adaptive filtering (AF) and wavelet transform (WT) are

widely used denoising techniques in many biomedical appli-
cations [24]–[26], and have also been introduced to eliminate
ECG interference from trunk EMG [26], [27]. AF estimates
the interference in each iteration and can be used for real-
time applications. However, an appropriate reference signal
correlated with ECG is necessary for AF, which is usually
recorded by additional sensors and therefore complicates the
measurement setup [15], [22], [28]. For WT, the main chal-
lenge is the selection of an appropriate mother wavelet and
the corresponding noise components [14], [16].
A recent comparative review using synthesis data sug-

gests TS to outperform other algorithms as evidenced by
better average rectified value (ARV) and mean frequency
(MF) calculated from the reconstructed EMG [16]. However,

the performance of the TS method depends strongly on
two assumptions, i.e., quasi-periodic ECG and Gaussian
distributed EMG with zero mean, which are not always sat-
isfied. In fact, decreased performance is observed for TS
when EMG is contaminated by abnormal, e.g., dysrhythmia
ECG [16]. Besides, TS method needs to average several QRS
complexes and may not be suitable for online applications
such as prosthesis control.
The aim of the present study is therefore to develop an

accurate algorithm for ECG-interference removal from trunk
EMG that is suitable for online applications. To this end,
ECG waveform in each cardiac cycle was estimated by ded-
icated morphological modeling and then subtracted from the
original signal to reconstruct the clean EMG. In fact, many
models have been proposed for the cardiac activity [29], [30],
among which the Gaussian-kernel-based dynamical model
(GKDM) is simple but shows promising results [29]–[31].
The GKDM is therefore employed in the present study in
order to model the ECG interference.
The proposed GKDM-based ECG interference removal

algorithm was evaluated by synthetic trunk EMG as well as
real trunk EMG measurement under isometric contraction
at different levels. ARV and MF were calculated from the
reconstructed EMG and compared with that from the clean
EMG in order to assess the performance of the proposed
method on the synthetic datset. Correlation coefficient
between the amplitude of the reconstructed EMG, i.e., ARV,
and the contraction force was calculated as performance
metric for real trunk EMG. Besides, the performance of
the proposed method was compared with the state-of-the-art
algorithms, such as GT, TS, WT, and ICA.

II. MATERIALS AND METHODS
A. MORPHOLOGICAL MODELING OF ECG
A general idea to model the morphology of an ECG signal
is to express the ECG, denoted as x̂(t), as linear combination
of a set of basis functions ψi(t), as given by [30]

x̂(t) =
N∑

i=1

ai · ψi(t), (1)

where ai is the amplitude of the ith basis function and N
the number of adopted basis functions. An orthogonal basis
function, such as sinusoidal, is widely used since it is math-
ematically irredundant, and ai conveys information about the
relevance of each basis function in constructing x̂(t) [30].
However, given the specific morphology, a more straight-
forward and meaningful approach to model an ECG is to
decompose it into the well-known P, QRS, and T waves,
which can be modeled as Gaussian basis functions [32]. A
single ECG beat is therefore modeled as

x̂(t) =
N∑

i=1

ai · exp

[
− (t − ti)2

2b2
i

]
, (2)

where ti and bi are the center and width of the ith Gaussian
basis function, respectively.
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In order to model multiple ECG beats with arbitrary heart
rates, the cardiac phase signal, denoted as θ(t), is usually
employed to time-scale all ECG beats irrespective of the
beat-to-beat variations of the heart rate. The cardiac phase
θ(t) is defined as a monotonically increasing function, rang-
ing from −π to +π [33]. It is assigned to each ECG beat
with the R-peak fixed at θ(t) = 0 and the starting and ending
points of the ECG beat at θ(t) = −π and +π , respectively.
Using the cardiac phase, the ECG model in (2) can be

expressed as

x̂(t) =
N∑

i=1

ai · ψi[θ(t)], (3)

where

ψi[θ(t)] = exp

{
− [θ(t)− θi]2

2b2
i

}
. (4)

The cardiac phase θ(t) is time-varying and related to the
heart rate by

d

dt
θ(t) = 2π f (t), (5)

where f (t) is the heart rate in Hz and can fluctuate over time.
Multiple beats with arbitrary heart rates are then achieved by
updating θ(t) using the dynamic in (5). Furthermore, by aug-
menting the cardiac phase dynamic in (5) with the dynamics
of (4), a unified dynamic model generating multiple ECG
beats is obtained, as given by [30]

⎧
⎪⎨

⎪⎩

x̂(t) = ∑N
i=1 ai · ψi[θ(t)].

d
dtψi[θ(t)] = −ψi[θ(t)] · θ(t)−θi

b2
i

· d
dt θ(t).

d
dt θ(t) = 2π f (t).

(6)

The interpretation of the Gaussian kernel model is straight-
forward since each Gaussian kernel can correspond to one of
the P, QRS, and T waves of the ECG. Each Gaussian kernel
has multiple degrees of freedom, i.e., ai, bi, and θi, which
can be obtained by minimizing the energy of the residual
error signal between the observation x(t) and the synthesised
signal by the model, as given by

En =
∫ π

−π
|e(t)|2 =

∫ π

−π

∣∣∣∣∣x(t)−
N∑

i=1

ai · ψi[θ(t)]
∣∣∣∣∣

2

. (7)

A nonlinear least squares algorithm is required to find the
minimum value of En due to the nonlinear relationship
between x̂(t) and the model parameters [34]. An alterna-
tive approach that can be employed to identify the model
parameters is the expectation maximization method [35].

B. ECG INTERFERENCE REMOVAL FROM TRUNK EMG
In the present study, the dynamic ECG model is employed
to remove the cardiac interference from trunk EMG. The
scheme of the whole process is shown in Fig. 1, in which
ECG is considered as additive noise, in line with previous
studies [16], [21]. An ECG waveform is first estimated by the

FIGURE 1. Scheme of the proposed ECG interference removal algorithm.

model, whose parameters are optimized by minimizing the
least square error between the raw data and the output of the
model. The obtained ECG template is then subtracted from
the raw data in order to eliminate the cardiac interference.
Considering possible online requirement for trunk EMG

applications, e.g., prosthesis control, the removal of the car-
diac interference is implemented in each cardiac cycle in
the present study. To this end, the R peaks of the ECG
interference are first identified. The whole signal is then
split into individual segments containing only one beat in
each. Specifically, each single beat segment is determined
by the time interval [(tj − 0.5tRj) (tj + 0.5tRj)], where tj
denotes the time of the jth R peak, and tRj represents the
corresponding R-R interval. The identified single ECG beat
is then mapped to the cardiac phase with the R-peak, the
starting and ending points fixed at θ(t) = 0, −π , and π ,
respectively.
The Gaussian kernel model in (3) and (6) is then employed

to estimate the ECG interference, i.e., ÊCG(θ). According
to (7), model parameters, i.e., ai, bi, and θi, are obtained by

[ai, bi, θi] = arg min
ai,bi,θi

|ÊCG(θ)− ECG(θ)|2, (8)

where ECG(θ) is a clean reference ECG, which is unfortu-
nately unavailable since the original recording is a mixture of
EMG and ECG signals. However, it is reasonable to assume
that the EMG and ECG signals are independent given their
different physiological origins. Consequently, minimization
of the least square between ÊCG(θ) and ECG(θ) is equiva-
lent to the minimization of the least square between ÊCG(θ)
and the mixture S(θ),

[ai, bi, θi] = arg min
ai,bi,θi

∣∣ÊCG(θ)− S(θ)
∣∣2
. (9)

It is reported that the model approximation error decreases
very quickly by increasing the number of Gaussian ker-
nels [30]. However, an increase in the kernel number will
inevitably increase the complexity and thus the computa-
tional cost of the model. Since each Gaussian kernel can
model one of the ECG sub-waves, e.g., P, Q, R, S, and
T, six Gaussian kernels are employed in the present study,
which is sufficient to cover all ECG sub-waves. This choice
has also been verified by our experimental test. An exam-
ple of the ECG signal estimated with six Gaussian kernel
functions is shown in Fig. 2.
Furthermore, given the nonlinear relationship between the

ECG signal and the model parameters, a nonlinear least
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FIGURE 2. Example of ECG modeling by Gaussian kernel functions: a) the original
and reconstructed ECG; b) Six Gaussian kernel functions used to model the ECG.

TABLE 1. Initial model parameters of the 6 Gaussian kernel functions.

square optimization approach described in [29] was adopted
in the present study in order to optimize the model param-
eters. The initial values of the model parameters of the
Gaussian kernel functions were taken from previous stud-
ies [29], [32], as given in Table 1 .The estimated ECG
interference was then subtracted from the mixed recordings
in order to obtained the clean EMG.

C. VALIDATION
1) DATA ACQUISITION AND PREPROCESSING

1) Synthetic trunk EMG: Two synthetic datasets were gen-
erated by mixing an EMG dataset with a healthy ECG and a
dysrhythmia ECG, respectively, providing a ground truth to
assess the performance of the proposed algorithm. Surface
EMG was recorded on the biceps brachii of nine healthy
subjects’ dominant arm with a high-density (HD) electrode
grid placed longitudinally to the muscle fibers. The HD grid
consists of 64 (8 × 8) electrodes with diameter and inter-
electrode distance of 4 mm and 8 mm, respectively, as shown
in Fig. 3. An Ag/AgCl electrode (1 cm diameter) was placed
on the subject’s right clavicle as patient ground. A Refa
amplifier (TMS International, Enschede) was employed to
amplify and digitalize the recorded signals at a sampling
frequency of 2048 Hz. Participants were seated with their
back straight and elbow joint at 90 degrees. The duration of
the whole acquisition protocol was 60 s, including a 10-s
rest, a 15-s isometric contraction at 50% of their maximal
voluntary contraction (MVC), a 10-s rest, a 15-s 50% MVC,

FIGURE 3. HD electrode grid and the subsets generating the six big EMG channels
for the synthetic datasets.

FIGURE 4. Example of synthetic trunk EMG: a) band-pass filtered ECG;
b) band-pass filtered EMG; c) ECG and EMG mixture.

and a 10-s rest. The experimental setup and further details
on the acquisition protocol were described in our previous
studies [16], [36]. This protocol was approved by the Ethical
Committee of the Máxima Medical Center (Veldhoven, the
Netherlands).
The ECG signals were derived from the PTB Diagnostic

ECG Database [37]. Nine healthy datasets and nine datasets
with dysrhythmia were randomly selected. Among the 15
signals in each dataset, the precordial leads (v1-v6) posi-
tioned on the chest with respect to the Wilson’s central
terminal were chosen to mimic ECG interference in trunk
EMG measurement. All ECG datasets were sampled at
1000 Hz.
In order to match the adopted number of ECG channels,

six big EMG channels were extracted with each being the
average of a subset of four neighbor channels of the HD
grid, as shown in Fig. 3. The extracted EMG signals were
downsampled to 1000 Hz to match the sampling frequency of
the ECG signals. A second-order infinite response filter was
employed to eliminate the power-line interference in both
EMG and ECG. A third order Butterworth band-pass filter

4000109 VOLUME 1, 2022



FIGURE 5. Electrode position for real trunk EMG recording.

was applied to remove the noise outside the frequency band
of interest, i.e., 10 to 500 Hz for EMG and 1 to 120 Hz for
ECG [16], [38]. Two synthetic datasets were generated by
mixing the EMG with healthy ECG and dysrhythmia ECG,
respectively, in which the EMG was re-scaled to obtain a
realistic SNR with respect to the ECG, e.g., −10 dB [14].

2) Real trunk EMG: Real trunk EMG was also collected
on the right pectoralis of nine healthy male subjects. As
shown in Fig. 5, six Ag/AgCl electrodes were placed on the
pectoralis with inter-electrode distance of 2 cm. The patient
ground was placed on the subject’s right clavicle. The same
Refa amplifier was used to record the data at 2048 Hz.
Similar to Section II-C1a, the participants were required

to sit on a bench with their back straight and elbow joint at
90 degrees. They performed five trials of isometric contrac-
tion with different levels of constant load, i.e., 20%, 30%,
40%, 50%, and 60% of their MVC. Each trail lasted for
15 seconds, separated by a 3-min rest period in order to
avoid muscle fatigue.
For each recording, the first and last two seconds were

abandoned to avoid transient effects, resulting in a 11-s trunk
EMG recording. No re-referencing was performed and thus
the six EMG channels were referenced to their average [39],
guaranteed by the hardware of the adopted Refa amplifier.
The collected sEMG were then band-pass filtered between 10
and 500 Hz using a third-order Butterworth filter. The same
second-order notch filter as used in Section Section II-C1a
was applied to eliminate the power-line interference.

2) PERFORMANCE METRICS

The proposed GKDM-based ECG removal method was eval-
uated with both synthetic datasets and real trunk EMG. The
whole processing chain for different datasets are illustrated
in Fig. 6.
For the two synthetic datasets, two commonly used cri-

teria, i.e., ARV and MF [16], [40], were employed as
performance metrics. For each channel of the dataset, ARV
was calculated on a non-overlap 1-s sliding window over the

FIGURE 6. Processing chain for different datasets: a) synthetic datasets; b) real
trunk EMG.

entire 60-s signal, and MF was calculated using the same
sliding window but only on the two contraction periods,
i.e., 10-25 s and 35-50 s, in line with [16]. The root mean
square error (RMSE) between ARV and MF calculated from
the reconstructed EMG and that from the clean EMG was
computed for each channel. The average RMSE in ARV and
MF over the six channels was consider for each subject.
For real trunk EMG, however, a clean reference EMG

is not available, and therefore RMSE in ARV and MF can
not be obtained. Yet many studies have reported a strong
correlation between EMG amplitude and contraction force
[8], [14], [41]. And this correlation may be nonlinear for big
muscles such as pectoralis [41]. Accordingly, a second-order
polynomial was employed to fit the relationship between
the EMG amplitudes estimated in different trials and the
corresponding contraction forces for each subject. The corre-
lation coefficient (CC) of the polynomial fitting was adopted
to assess the efficiency of ECG-interference removal, with
higher CC indicating better ECG removal. For each trial,
the EMG amplitude was estimated by the average of ARVs
calculated from the reconstructed EMG in different channels.

D. COMPARISON WITH ALTERNATIVE ALGORITHMS
The proposed GKDM-based ECG removal algorithm were
compared with some of the state-of-the-art algorithms
reported in the literature, such as GT, TS, WT, and ICA.
These alternative methods were implemented in the same
way as [16]. For the two synthetic datasets, the RMSEs in
ARV and MF of the nine subjects were adopted for the com-
parison among different methods. For real trunk EMG, CCs
of different subjects were utilized for comparison. The one-
sample Kolmogorov-Smirnov test indicated that the data are
normally distributed. Data are therefore presented as mean ±
standard deviation (SD). A one-way ANOVA was employed
to determine the global difference in the mean values among
different algorithms. A post hoc analysis using the least
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FIGURE 7. Example of the reconstructed EMG from the synthetic datasets:
a) EMG + healthy ECG; b) EMG + dysrhythmia ECG.

significant difference method was employed to test the dif-
ference between pairs of algorithms. The significant level
was set at 0.05.
In addition, the execution time of different methods was

determined in order to evaluate their computational complex-
ity. Each algorithm was repeated ten times and the average
execution time was taken into consideration. All the analysis
was implemented in MATLAB 2019b (MathWorks, Natick,
MA, USA) using a DELL Optiplex 7080 Tower PC (Dell
Round Rock, TX, USA), with an Inter Core i9-10900K CPU
@ 3.70 GHz (10 CPUs) processor (Inter, Santa Clark, CA,
USA).

III. RESULTS
A. SYNTHETIC TRUNK EMG
Figure 7 shows a representative example of the reconstructed
EMG obtained by the proposed GKDM-based ECG removal
algorithm from the synthetic trunk EMG. It is clear that
for both datasets, i.e., EMG + healthy ECG and EMG +
dysrhythmia ECG, the reconstructed EMG are quite close
to the clean EMG before mixing, indicating a very good
performance of the proposed GKDM-based algorithm for
cardiac interference removal.
Figure 8 shows an example of the ARV calculated from

the EMG signals shown in Fig. 7. ARV is calculated using
a 1-s sliding window with no overlap. During the three rest
segments, a slight difference was observed in ARV between
the clean EMG and the reconstructed EMG, possibly due to
the measurement noise presented in the rest period. However,
during the two contraction segments, ARV calculated from
the reconstructed EMG matches that from the clean EMG
very well, irrespective the synthetic dataset consisting of
healthy or dysrhythmia ECG. An example of MF calculated
from the same EMG signals using the same sliding window
is shown in Fig. 9. MF is calculated on the contraction
segments of the reconstructed EMG, which are quite close

FIGURE 8. Example of ARV calculated from the EMG signals shown in Fig. 7.

TABLE 2. RMSE results in ARV and MF for synthetic trunk EMG obtained with
different methods.

FIGURE 9. Example of MF calculated from the same EMG signals as ARV.

to that obtained from the clean EMG for both synthetic
datasets.
The average (over 9 subjects) RMSE results in ARV and

MF between the reconstructed EMG and the clean EMG
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FIGURE 10. Example of the reconstructed EMG from real trunk EMG measurement.

FIGURE 11. Example of the polynomial fitting between EMG amplitude and force.

derived with different ECG removal methods are summa-
rized in Table 2. Our statistical analysis shows TS and
the proposed method to produce significantly (p < 0.05)
smaller RMSEs than other three methods for both synthetic
datasets. In fact, our method produces the smallest RMSE.
Unfortunately, difference between our method and TS is not
statistically significant. However, while applied to the dataset
consisting of dysrhythmia ECG, clearly performance decay
is observed for TS.

B. REAL TRUNK EMG
An example of the reconstructed EMG from real trunk EMG
measurement is shown in Fig 10. It is clear that the ECG
interference has been effectively removed. Figure 11 shows
an example of the second-order polynomial fit between the
amplitude of the reconstructed EMG and the contraction
force. A very high CC is observed for the fitting, i.e., 0.996,
suggesting an excellent removal of the cardiac interface for
the proposed ECG removal algorithm.
The average (over 9 subjects) CC results obtained with

different ECG removal methods are reported in Table 3. An

TABLE 3. Correlation coefficient results of different methods together with their
execution time (mean ± SD).

average CC above 0.9 is achieved by all methods except for
ICA. Our method produces the highest CC but, unfortunately,
no significant difference can be determined among different
algorithms. The execution time of different methods is also
reported in Table 3.

IV. DISCUSSION
The present study aims at developing an accuracy algorithm
suitable for online removal of cardiac interference from trunk
EMG measurement. To this end, ECG waveform is estimated
in each cardiac cycle by dedicated modeling with Gaussian
kernel functions. The estimated ECG waveform is then sub-
tracted from the original data in order to obtain an EMG
without ECG interference.
Although the employed Gaussian kernel functions are non-

orthogonal and therefore mathematically redundant, each
Gaussian function can correspond to a typical ECG sub-wave
such as P, Q, R, S, and T, providing a straightforward and
meaningful interpretation for the proposed method for ECG
modeling. Studies have indicated an increase in the accuracy
of the ECG model with increased number of Gaussian ker-
nels [30]. However, an increase in the number of Gaussian
functions will inevitably increase the complexity and thus
the computational time of the model, i.e., O(3N2) for one
kernel [29], hampering the applicability of the proposed
method for online application scenarios. Given the fact the
an ECG cycle is will defined by several typical sub-waves,
six Gaussian functions should be sufficient and therefore
adopted in the present study for ECG modeling. This choice
is confirmed by the simulation shown in Fig. 2 as well as
the excellent results in our dedicated evaluation.
The proposed GKDM-based ECG removal algorithm is

first evaluated by two synthetic datasets, i.e., EMG +
healthy ECG and EMG + dysrhythmia ECG, in which
ARV and MF are adopted as performance metrics [14].
Though this approach, a clean EMG before mixing is avail-
able, enabling quantitative assessment of the proposed ECG
removal method with a ground truth. Worthily to note that
the ECG and EMG used in the synthetic datasets are all from
real measurements, including possible noise from the instru-
mentation and the environment. Besides, the SNR between

VOLUME 1, 2022 4000109
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EMG and ECG in the synthetic datasets is realistic [14].
The synthetic datasets can therefore be considered reliable
for evaluating the performance of the proposed method.
The RMSE results obtained from the synthetic datasets

suggest the proposed method to outperform all other methods
except for TS. However, the performance of TS decreases
clearly when the EMG is contaminated by abnormal ECG
(Table 2), in line with [16]. This can be explained by the
fact that one of the required assumptions for TS, i.e., quasi-
periodic ECG, may be unsatisfied in abnormal ECG [16].
Furthermore, our method works in each cardiac cycle, and
is, therefore, more suitable for online applications than TS,
as TS requires the average of a number of ECG cycles,
e.g., 6 to 10 [19]. In addition, instead of using the nonlinear
least square [29], Kalman filter can also be employed for
real-time optimization of the model parameters [42], leading
to real-time application of the GKDM-based ECG removal
algorithm.
While providing excellent ECG removal, the proposed

method may be suitable for real-time applications. These
are the main novelty and contributions of the present study.
Worthily to note that AF method can also be used for real-
time applications. However, the requirement of additional
sensor to record a reference for AF complicates the measure-
ment setup and increases the power consumption. Besides,
the performance of AF is usually unsatisfactory due most
probably to the fact that the acquisition of a clear reference
ECG is very difficult [16].
The proposed method has also been evaluated by real

trunk EMG measurement. However, the results observed in
real trunk EMG measurement are inconsistent with that in the
synthetic datasets, i.e., no significant performance difference
is observed among different methods. This is most probably
due to the adopted CC as performance metric is in fact a
dilemma.
On the one hand, due to the lack of a ground truth in

real trunk EMG measurement, CC between EMG amplitude
and contraction force is employed as performance metric
[8], [14], [41]. On the other hand, in order to calculate the
correlation between EMG amplitude and contraction force,
different levels of contraction force are required, i.e., 20%
to 60% MVC in the present study, which are in fact usu-
ally higher than most of real trunk EMG scenarios, such as
controlling of myoelectric prosthesis [3], [4] and monitoring
of respiration, stress, and epilepsy [5]–[7]. The high con-
traction forces lead to increased EMG amplitude and thus
decreased contribution of the residual ECG obtained with dif-
ference methods. As a consequence, the observed CC shows
no significant difference among different methods.

V. CONCLUSION
In the present study, a GKDM-based method is proposed for
cardiac interference removal from trunk EMG. The proposed
method is evaluated by two synthetic datasets as well as a real
EMG measurement. Our results show excellent performance

of the proposed method for ECG interference removal, out-
performing many of the state-of-the-art algorithms reported
in the literature. Furthermore, the proposed ECG removal
method is implemented in each cardiac cycle, enabling pos-
sible online application scenarios such as prosthesis control.
The influence of the SNR between EMG and ECG on the
performance of the proposed method may be interested for
future studies. Clinical practice with very high real-time
requirement may consider Kalman filter for the optimization
of the parameters of the GKDM model.
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