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A B S T R A C T

Transcutaneous electromyography (tc-EMG) has been used to measure the electrical activity of respiratory
muscles during inspiration in various studies. Processing the raw tc-EMG signal of these inspiratory muscles has
shown to be difficult as baseline noise, cardiac interference, cross-talk and motion artefacts can influence the
signal quality. In this review we will discuss the most important sources of signal noise in tc-EMG of respiratory
muscles and the various techniques described to suppress or reduce this signal noise. Furthermore, we will
elaborate on the options available to develop or improve an algorithm that can be used to guide the approach for
analysis of tc-EMG signals of inspiratory muscles in future research.

1. Introduction

Electromyography (EMG) is a technique which measures the elec-
trical activity generated by muscles (American Thoracic Society and
European Respiratory Society, 2002). The electrical activity is gener-
ated by individual motor units, the smallest functional unit of a muscle,
consisting of a terminal axon and the muscle fibers it innervates
(Buchthal and Schmalbruch, 1980). At the moment an action potential
is generated and a depolarization takes place at the neuromuscular
junction, this generates a change in the motor unit potential. Subse-
quently, the muscle fibers are activated and contract (Putten, 2009).
EMG can detect and register these changes in electrical activity.

EMG is utilized and studied in various medical fields such as clinical
neurophysiology (Shaw and Bagha, 2012), rehabilitation, pulmonology
(Duiverman et al., 2004) and intensive care medicine. After recording,
amplification, and analysis of the muscle’s electrical activity, the out-
come can be used for clinical monitoring or diagnostic purposes in these
medical fields (de Waal et al., 2017; Hutten et al., 2008, 2010a, 2010b;
Koopman et al., 2018; Maarsingh et al., 2000, 2006; Prechtl et al.,
1977).

The potential role of EMG in measuring electrical activity of the
respiratory muscles has been increasingly studied in various popula-
tions ranging from healthy adult subjects to critically ill preterm infants
treated at an intensive care unit (e.g. de Waal et al., 2018; Estrada et al.,

2016; Iyer et al., 2017). Respiratory conditions such as muscle atrophy
after prolonged mechanical ventilation in adults (Jonkman et al.,
2017), apnoea of prematurity in preterm infants (Kraaijenga et al.,
2017; Muller et al., 1979), but also increased demand of the inspiratory
muscles in dyspnoeic infants (Maarsingh et al., 2006) and COPD pa-
tients (Duiverman et al., 2004), can be visualized and objectified with
EMG of the inspiratory muscles. The diaphragm, the most important
respiratory muscle for inspiration, is most often studied and in general
the focus is on inspiratory muscle strength. Next to the diaphragm, the
intercostal muscle activity is the second most studied inspiratory
muscle in literature (Dos Reis et al., 2019).

Overall, three established EMG-modes are available to assess in-
spiratory muscle activity during respiration: intramuscular (im-EMG),
trans-esophageal (te-EMG) and transcutaneous electromyography (tc-
EMG). The first mode uses needle electrodes which are inserted directly
into the muscle of interest to record the activity of individual motor
units. During te-EMG a special catheter (or modified feeding tube) with
incorporated electrodes is inserted in the esophagus where it detects the
muscle activity at the level of the diaphragm (Beck et al., 1997; Luo
et al., 2008). In contrast to these two techniques, tc-EMG is a non-in-
vasive technique using surface electrodes placed on the skin. The
electrodes are placed on the muscle of interest to measure the electrical
activity detected through the skin. These features make tc-EMG inter-
esting as a clinical tool.
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Despite its non-invasive features, the application of respiratory tc-
EMG in a clinical or research setting is limited due to the difficulties in
acquiring a continuous, noise-free tc-EMG signal in which noise is de-
fined as any unwanted signal that is superimposed on the signal of
interest. tc-EMG measures the summed spontaneous electrical activity
that is generated by many motor units at once of the underlying muscle
of interest, for example the diaphragm. This results in a signal with a
good temporal but limited spatial resolution (Andrade et al., 2012). The
tc-EMG signal has stochastic properties with a zero-mean distribution
and a low signal-to-noise ratio (SNR). This low SNR is caused by a re-
duction of signal quality due to noise from other electrical hardware or
the detection of neighboring muscle activity. The electrical activity of
the heart is detected as well and this cardiac interference is the most
important influencer of the tc-EMG signal quality, which hampers in-
terpretation of respiration (Abbaspour and Fallah, 2014; Drake and
Callaghan, 2006).

It is important to realize that this intrinsic cardiac noise cannot be
prevented or removed prior to signal acquisition, but requires further
signal processing, either in real-time or retrospectively. Only with a
comprehensive analysis, a respiratory waveform can be acquired that is
ready for clinical interpretation.

The need for additional processing steps has resulted in tc-EMG
being used mainly as a research tool. Over the last decades several
analysis techniques to process respiratory muscle tc-EMG signals have
been studied and published. Some papers have been published re-
viewing tc-EMG measurement procedures or comparing different as-
pects of the signal analysis over the last decade (Chowdhury et al.,
2013; Dos Reis et al., 2019; Drake and Callaghan, 2006; Hutten et al.,
2010a, 2010b; Merletti et al., 2009). Dos Reis et al. recently published a
systematic review outlining many different procedures to record tc-
EMG of inspiratory muscles in adults (Dos Reis et al., 2019). They
concluded that the diversity in procedures and analysis is substantial
and that it is hard to objectively identify one optimal approach for the
acquisition and processing of these signals. However, this and previous
studies have not described the entire process in a single review covering
all processing steps from a raw signal to the respiratory waveform.
Combining the findings of these previous studies could contribute to the
development of an optimized data analysis algorithm which facilitates
implementation of tc-EMG in clinical practice.

Therefore, the aim of this narrative review is to describe the dif-
ferent sources of signal noise and their influence on the tc-EMG signal
of respiratory muscles aiding inspiration, to summarize the available
data analysis techniques to remove or reduce noise and construct a
respiratory waveform based on inspiratory tc-EMG. Finally, this review
will provide suggestions for future research in this field.

2. Sources of signal noise

Signal noise in tc-EMG can have different sources. Overall these
noise sources can be categorized based on the different factors present
during the recording: the environment, the subject, the electrodes, the
interface between the electrodes and the subject’s skin and the amplifier
(i.e. the equipment). Table 1 summarizes common sources of signal
noise and describes options to reduce the noise in these categories.

The interface between the skin and the electrodes is seen as the
largest contributor of signal noise when measuring muscles’ activity in a
state of rest (Huigen et al., 2002). Preparing the measurement and using
proper equipment is therefore paramount when recording tc-EMG.
Analog filtering can be used to suppress low-frequency noise before
digitisation. This could reduce the effect of disturbances to the interface
(e.g. poor skin contact) which directly results in reduced signal quality.
Noise can also be reduced by using a state-of-the-art amplifier with a
high input impedance (> 100 MOhm) at the frequencies of interest and
a low bias current, thereby suppressing background noise and im-
proving the SNR. Fortunately, these two factors (high input impedance
and low bias current) often go hand in hand in modern signal

amplifiers.
The SENIAM project (Surface Electromyography for the Non-

Invasive Assessment of Muscles) provides general recommendations for
tc-EMG measurements of 27 different muscles, including topics like
preparation of the skin, inter-electrode distance (IED), electrode ma-
terial, electrode shape and size and electrode fixation to reduce signal
noises (Hermens et al., 2000). However, this project does not provide
specific recommendations for tc-EMG recordings of respiratory muscles.

3. Signal analysis steps

Removal of extrinsic and intrinsic noise and interpretation of elec-
trophysiological tc-EMG signals requires several steps, especially when
looking at respiratory muscles. In this process the following steps are
identified: pre-processing of the data, cardiac activity removal, motion
artefact removal and the construction of the actual respiratory wave-
form. We will describe the processing of a raw respiratory muscle tc-
EMG signal into a respiratory waveform.

3.1. Pre-processing

3.1.1. Offset removal and high frequency noise reduction
When recording respiratory muscle activity with skin electrodes

interfering low frequencies can cause a baseline offset and drift of the
raw signal. This offset can be caused by suboptimal skin preparation or
an introduced bias current.

To remove this baseline offset and low frequency drift, a high-pass
filter is used. It remains unclear which cut-off frequency should be used
for this high-pass filter, because noise sources overlap in frequency
content with the tc-EMG signal of interest (Levine et al., 1986; Lu et al.,
2009). Cut-off frequencies used for high-pass filtering of tc-EMG vary
between 5 and 30 Hz in literature (De Luca et al., 2010; Hermens et al.,
2000; Merletti, 1999).

A cut-off frequency of 20 Hz for the high-pass filter has been sug-
gested as the best compromise to remove low-frequency noise and limit
the influence on tc-EMG signal amplitude (De Luca et al., 2010). This
was studied in peripheral muscles in which spectral analysis showed
that when the cut-off frequency was increased above 20 Hz an increased
loss of tc-EMG signal occurred. This first step of high-pass filtering has
been adopted for respiratory (Reilly et al., 2012, 2011; Smith et al.,
2017) and trunk muscle tc-EMG as well (Redfern et al., 1993), however
an application- and muscle dependent cut-off might be more appro-
priate, because the influence of signal noise depends on the location of
the muscle(De Luca et al., 2010).

Besides the cut-off frequency a filter order has to be set as well,
which determines the slope of the frequency response function of the
filter at its cut-off frequency. A first order filter has only one frequency
dependent component and the slope of the frequency response function
is often not steep enough to suppress the noise. By increasing the order,
the filter approximates the actual set cut-off frequency better, but this
increased accuracy comes with an increased processing time.

Besides low-frequency noise, high frequency noise can be present as
well. This type of noise is caused by the equipment itself or bias cur-
rents and can be reduced by an analog low-pass filter prior to digiti-
zation, although not all devices have this option (Maarsingh et al.,
2000). When taking the frequency characteristics of an individual
motor unit action potential into account, no tc-EMG signal of interest is
estimated to be present at frequencies higher than 450–500 Hz (De
Luca, 2006). Therefore a low-pass filter with a cut-off frequency in this
range is often chosen to remove inherent high frequency noise (De Luca
et al., 2010).

3.1.2. Power supply interference
Besides correcting for the baseline offset, signal drift and high fre-

quency noise, the power supply interference or electrical interference
from surrounding hardware needs to be filtered out as well. Most often
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a notch filter or a comb filter is used to remove this interference (50 or
60 Hz depending on the country). A notch filter has a narrow frequency
band-stop that filters out the power supply interference. A comb filter is
a combination of multiple notch filters in which higher harmonics of
the original noise frequency can be removed (Chowdhury et al., 2013;
Glover, 1977; Raez et al., 2006).

3.2. Cardiac activity removal

The large difference in signal strength between the electrical ac-
tivity of the heart (electrocardiogram (ECG) in the order of millivolts)
and the respiratory muscles (in the order of microvolts) makes retrieval
of the respiratory tc-EMG signal challenging. For correct identification
of respiration the impact of cardiac activity should be reduced while
preserving the signal of the respiratory muscle activity. The method of
choice to remove the cardiac interference is important because re-
maining ECG components can influence the amplitude and therefore
the interpretation of the recorded tc-EMG activity (Butler et al., 2009).
Several algorithms to deal with the cardiac activity have been published
and will be briefly discussed.

1. Frequency domain filtering of cardiac activity

The cardiac interference, with its clear QRS complex, can be de-
scribed as a set of frequency components which could be filtered out
using a digital filter. High-pass filtering has been described to suppress
cardiac interference in the respiratory tc-EMG signal, for example by
Redfern et al. who compared 10, 30 and 60 Hz cut-off to remove the
ECG (Redfern et al., 1993). High-pass filtering can suppress the influ-
ence of the P-waves, T-waves and the QRS complex. This approach is
debatable, since the frequency content of ECG and tc-EMG overlap and
filtering the QRS complex out dampens the respiratory tc-EMG ampli-
tude in the process, removing information of interest (O’Brien et al.,
1983; Schweitzer et al., 1979).

2. Adaptive filtering

Adaptive filters, also referred to as adaptive noise cancellation
(ANC) filters, use a technique in which the filter settings are dynamic
and can be changed based on the signal characteristics. These proper-
ties allow filtering of signal disturbance with specific characteristics
that are not known in advance or which can change over time. The
timing and frequency of the heartbeat can vary and this variability is
incorporated in the adaptive filter. An adaptive filter has two inputs: a
primary input (the disturbed signal) and a reference input (e.g. the
sampled noise, in this case a separate ECG tracing (Hof, 2009)). The
statistical properties of the inputs are used to adapt the filter char-
acteristics constantly to minimize the filter error (Lu et al., 2009;
Marque et al., 2005).

Two common types of adaptive filters are used for the removal of
cardiac interference: the least mean squares (LMS) filter and the re-
cursive least squares (RLS) filter. Both have been used in research but
comparison is difficult. The LMS has a slower convergence rate and
showed significant residual ECG artefacts in peripheral muscles, when
using a band-pass filtered raw signal sampled noise (Marque et al.,
2005). However, Yacoub and Raoof (2008) tested the LMS filter on tc-
EMG of the diaphragm and synthesized a noise input that could be used
for the ECG removal process of this important respiratory muscle. They
concluded that the LMS approach showed good ability to reduce ECG
noise in this specific muscle. The characteristics of the RLS filter tend to
make it more adaptive to signals with rapidly changing features than
the LMS (Lu et al., 2009). Ortega et al. (2017) used a RLS filter to re-
move an artificially introduced ECG interference from a diaphragm tc-
EMG signal in post-operative ventilated adults. They showed that the
RLS filter was able to reduce cardiac noise in this respiratory activity
recording. Although RLS has a faster convergence, it comes with a high
computational cost, also due to the fact that RLS assumes the data is
stochastic (and is whitened at the input), while LMS uses deterministic
inputs. Overall, RLS tends to filter noise a bit better (Ortolan et al.,

Fig. 1. Illustration of the analysis steps that need to be performed in order to retrieve a respiratory waveform. A: The raw bipolar electromyography derivation, B:
detection and marking the QRS complexes and generating a gating pulse, C: EMG signal after gating and filling of the gates with a copy of previous data, D: root-
mean-square (RMS) curve of the gated signal showing the respiratory pattern of a preterm infant. Signals based on data acquired by the research group of the authors.
AU: arbitrary units, mV: millivolt, µV: microvolt.
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2003), since a lower filter order can be used in RLS than in LMS, when
filtering general noise. However, a direct comparison of LMS and RLS
for the removal of ECG in respiratory tc-EMG has not been described
yet.

3. Gating

Gating is a frequently used method to remove the QRS complexes
from tc-EMG tracings of the respiratory muscles (O’Brien et al., 1987;
Prechtl et al., 1977). First, the high R-peaks of the QRS complex are
identified with a level detector. Next, a pulse generator marks the QRS
complexes (see Fig. 1, second graph). These pulses have a standardized
(gating) width which varies within the range of 50–100 ms (Bartolo
et al., 1996b; Maarsingh et al., 2000), but also larger intervals (e.g.
380 ms (Levine et al., 1986)) have been described. The pulse train is
aligned with a delayed (around 40 ms) tc-EMG recording to allow for
time to detect the peaks of the QRS complex and construct the pulse
train. At the generated pulses the QRS complexes, together with all
other EMG activity, are cut out of the signal. All signal is lost in these
periods and these ‘gates’ need to be filled. How to do that is a matter of
debate. Some studies use a constant value (e.g. zero (Drake and
Callaghan, 2006) or the mean of a previous segment (Prechtl et al.,
1977)) while others use more dynamic options (e.g. running average
(Koopman et al., 2018; Maarsingh et al., 2000) or a copy of previous
data, see Fig. 1, third graph). No studies were found that compared all
different options to fill the gates.

4. Template subtraction

The template subtraction technique to remove cardiac interference
is a mixture of adaptive filtering and gating. First, the R-peak is de-
tected either manually or threshold-based, similar to the gating tech-
nique (Bloch, 1983). Next, a template is made of the QRS complex by
averaging multiple QRS complexes (a window around the R-peak)
(Levine et al., 1986). Template derivation can be 'learned' from a test
measurement and used throughout the measurement or two ‘parallel’
pathways can be used in which case the template is based on the
average of several past heart beats. The latter approach makes the
analysis more adaptive to changing circumstances but adds time delay.
The offset of the template is adaptive (Levine et al., 1986) and a least
squares algorithm can be used to adjust height and width of the tem-
plate during the data analysis (Bartolo et al., 1996a). When the tem-
plate is properly scaled, it is aligned with the detected peaks and sub-
tracted from the tc-EMG signal (Abbaspour and Fallah, 2014).

5. Independent component analysis

A more complex method to remove cardiac interference is in-
dependent component analysis (ICA), a technique based on blind source
separation. It separates components of a signal by assuming the signals
are non-Gaussian and its sources are statistically independent from each
other (Mak et al., 2010). This technique can only be performed when
multivariate, multi-channel data is available.

The ICA algorithm estimates a vector of signal sources and a mixing
matrix, linking the sources to retrieve the original signal. When in-
dependent signal sources are found containing ECG noise, they can be
zeroed out in the mixing matrix. Reconstruction of the signal (inverse
ICA) then results in a signal without (most of) the cardiac interference
(Taelman et al., 2007).

When the difference in power between the ECG and tc-EMG be-
comes smaller, a separate ECG channel can aid in separating tc-EMG
from ECG. Willigenburg et al. tested this technique in a healthy subject
and measured 16 peripheral muscles (Willigenburg et al., 2012). ECG
was recorded separately and the noisy tc-EMG signals were imported in
the ICA algorithm. They showed the ability of this technique to remove
ECG interference, with and without use of an extra ECG channel. The
removal improved when a separate ECG channel was added that could
underline the independence of the different signal sources. This, how-
ever, does require more measurement electrodes during the recording.
Till now, this technique has only been used in methodological studies
using constructed data and not in clinical studies or in a real-time ap-
plication for tc-EMG. As a result the introduced time delay has not been
described, which might be of importance for potential real-time ana-
lysis.

6. Wavelet analysis

A more advanced technique which can be used for the denoising of
continuous signals is wavelet analysis or wavelet transformation.
Wavelet transformation is a combination of time and frequency aspects
to describe a continuous signal consisting of a set of scaled ‘mother
wavelets’. This approach describes a signal as the wavelet components
it exists of and with this approach the number of signals that is mea-
sured can be reduced. Zhan et al. (2010) tested a wavelet-based adap-
tive filter for the removal of ECG interference and found that the wa-
velet-based filter could accurately remove the ECG from the tc-EMG
signal. The power spectrum of the ‘clean’ tc-EMG and the processed
EMG (after the filter) showed great similarity. However, this compar-
ison could be made because tc-EMG and ECG were simulated signals
that were summed to construct a noisy tc-EMG signal and then do the
analysis. Results on real-life data analysis when using this filter have
not been described.

Additional to wavelet analysis being used in adaptive filtering it has
also served as an add-on to conventional ICA (Taelman et al., 2007).
Taelman et al. combined wavelet transformation and ICA and called it
wavelet ICA (wICA). The original signal is transformed into individual
wavelet components which can be introduced to the ICA algorithm.
Components including ECG characteristics can be removed. Taelman
et al. studied this technique for cardiac activity removal in trunk
muscles and showed that it could indeed remove QRS artefacts. How-
ever, decisions on what kind of wavelet to use are still arbitrary and a
separate ECG channel might still be needed to improve the removal.

3.2.1. Comparison of cardiac filtering techniques
Some of the cardiac filtering techniques have been compared with

each other. Factors like the computational cost, mathematical

Table 2
Characteristics of techniques to reduce cardiac interference from tc-EMG.

Technique Computational cost Introduced time delay (ms) Real-time analysis Adaptive algorithm

1. Filtering + < 50* + No
2. Adaptive filtering +++ > 200 Not described Yes
3. Gating ++ 50–150 + Yes
4. Subtraction +++ 50–250 + Yes
5. ICA ++++ Unknown Not described Offline
6. wICA +++++ Unknown Not described Offline

ICA: independent component analysis; wICA: wavelet ICA; ms: milliseconds.
* Depends on the filter order.
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complexity and introduced time delay of the analysis can guide the
decision to choose one specific method. It must be emphasized that any
technique that requires detection of the QRS complex introduces a time
delay in signal processing which may limit its use in real-time re-
cording. Based on the described literature Table 2 provides a short
overview of the six described methods.

It is important to realize that removal of cardiac interference results,
per definition, in tc-EMG signal loss. Some studies have indicated that
this tc-EMG data loss is redundant considering the removal of a large
(ECG) artefact (Bartolo et al., 1996a). However, this may not be true in
patients with higher heart rates, making gating heart rate (and often
age) dependent. For example, when a subject has a heart rate of 120
beats per minute, and a gating window of 380 ms is used (Levine et al.,
1986; Schweitzer et al., 1979) every second of tc-EMG recording loses
760 ms of data. This can result in too much of the signal being dis-
carded.

In practice gating is described as a fast computable algorithm and is
often used in clinical studies. Subtraction has a higher computational
burden but is deemed to provide smoother data in the time domain
compared to filling the gates with constant values. Both techniques can
be used in real-time. Downsides of the subtraction technique are that it
has to be done for each recording individually to optimize the template
(Taelman et al., 2007). The shape and size of the QRS complex might
differ over time and poor alignment can increase noise. Multiple scaling
parameters are necessary to fit the template to the data. Direct com-
parison of gating and template subtraction (while using a different tc-
EMG acquisition technique) showed no statistical significant differences
with respect to the spectral characteristics of the signal (Bartolo et al.,
1996a; Drake and Callaghan, 2006; Levine et al., 1986; Redfern et al.,
1993). As a consensus, it has been argued that in case of higher heart
rates (> 160/min) subtraction is the preferred technique, due to the
substantial amount of data loss with gating at higher heart rates
(Bartolo et al., 1996b; Levine et al., 1986). Whether filling with con-
tinuous data, instead of a constant, during gating improves the gating
technique has not clearly been described.

ICA has not been tested in prospective clinical studies yet, but it has
been compared to filtering of cardiac activity. Using ICA with a separate
ECG recording performed better, when compared to high-pass filtering,
especially when the tc-EMG amplitude increased. However, ICA has a
high computational cost which would make it difficult to use ICA for
real-time removal of cardiac interference. So far ICA only seems sui-
table for retrospective (off-line) data analysis.

Removal of cardiac interference based on wavelet analysis was
compared with template subtraction and showed good performance
(Taelman et al., 2007). When a separate ECG channel was added, the
removal resembled the standard (template subtraction) even better
(evaluated by visual inspection). Von Tscharner et al. changed the
implementation of the wICA algorithm by using a different kind of
wavelet and compared the ECG removal with a fourth order high-pass
Butterworth filter (cut-off 30 Hz (Drake and Callaghan, 2006)). Similar
accuracy of ECG removal was found but spectral analysis showed that
filtering affected the lower tc-EMG frequencies more than the wICA did
(non-significant) (von Tscharner et al., 2011).

3.3. Motion artefacts

Besides the cardiac interference, motion artefacts need to be re-
moved from the raw tc-EMG signal to optimize interpretation of the
data (see Table 1). Motion artefacts are large in magnitude (in the order
of millivolts and larger), hard to predict and can vary largely in shape,
making it very difficult to remove these artefacts. Therefore, inter-
pretation of the signal during a motion artefact is not reliable since
these artefacts have a large influence on the resulting waveform (Fratini
et al., 2009). For this reason segments of the recording with large
amplitude motion artefacts are often completely removed or discarded
(de Waal et al., 2017).

Most movement artefacts originate from larger muscle groups be-
coming active during the measurement of a specific muscle or due to
the subject being moved itself, e.g. during nursing. A double-differential
electrode configuration can be used to reduce the effect of these motion
artefacts. This technique uses two bipolar derivations, which are sub-
tracted from each other (Broman et al., 1985; Frahm et al., 2012). As a
result, common noise potentials are removed, thereby suppressing
cross-talk from other muscles. However, this double-differential tech-
nique does require more electrodes and an extra processing step (van
Vugt and van Dijk, 2001). Besides movement artefacts caused by
neighbouring muscles, the movement of the measured muscle itself
under the electrodes can have its effect as well. To correct for these
physiological signal shifts, a multiple electrode set-up can be used to
find the focus of electrical muscle activity (Lansing and Savelle, 1989).

3.4. Respiratory waveform derivation

When the cardiac activity and motion artefacts are removed from
the tc-EMG signal of the respiratory muscles, a last step of signal pro-
cessing is needed to construct a respiratory tc-EMG waveform. This can
be done in different ways, based on signal strength or on signal com-
plexity.

3.4.1. General signal strength
A tc-EMG recording can both show negative and positive deflec-

tions, because a difference in voltage is measured between two (or
more) electrodes. Many tc-EMG studies perform half- or full-wave
rectification to provide a resultant of total muscle activity which is
always a positive value (Devaprakash et al., 2016; Merletti, 1999; Raez
et al., 2006). Half-wave rectification discards all negative data while
full-wave rectification uses the absolute value of each data point, both
ensuring no negative samples remain in the tc-EMG record (Raez et al.,
2006). Next to the standard rectification two methods are often used (in
the time domain) to provide a continuous signal of general muscle
activity: the root-mean-square (RMS) and the average rectified value
(ARV) (González-Izal et al., 2012), calculated as:

= =RMS
n

x ARV
n

x1 | 1 | |
n

n
n

n
2

xn represent the values of the tc-EMG signal with n being the number of
samples used per step.

These amplitude derivations can both be used for signal inter-
pretation (González-Izal et al., 2012). The RMS is used more often be-
cause it represents signal power, while ARV represents the area under
the signal and does not have a clear physiological meaning (De Luca,
1997). However, the calculation of ARV is less influenced by remaining
isolated spikes (e.g. from cardiac interference), while the RMS can still
show these artefacts, making ARV more robust to noise.

3.4.2. Fixed sample entropy
A relatively new way of retrieving a respiratory signal from a tc-

EMG tracing is based on a long existing method: entropy analysis.
Entropy measures can describe the complexity of nonstationary bio-
medical signals, like tc-EMG, over time. The ECG, due to its origin, has a
different level of complexity than the tc-EMG signal and its periodic
behavior is of less influence on the overall entropy of the signal (Naik
et al., 2011; Zhang et al., 2016). Therefore an entropy calculation by-
passes the need for an ECG removal procedure while still being able to
obtain a respiratory waveform.

Recently, several studies investigated the use of fixed sample en-
tropy (fSampEn) on tc-EMG data (Estrada et al., 2017, 2016b; Sarlabous
et al., 2014). This technique is a variation of the normal sample entropy
and measures how much a given sample is similar to m (the embedding
dimension, often set at 1 (Sarlabous et al., 2014)) samples prior to that
point. The estimated level of similarity depends on the tolerance
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parameter (r). The tolerance is often set at a standard deviation (or a
fraction of the standard deviation) of the signal. A high fSampEn value
means that the signal is very unpredictable and therefore complex,
while lower values indicate very regular data (Sarlabous et al., 2014).
Cardiac activity is a sharp and repetitive short artefact, and therefore
entropy analysis tends to be less influenced by cardiac activity, because
the non-cardiac data parts get more weight in the analysis based on
their variability. The calculations are performed over a moving time
window (e.g. 1 sec (Estrada et al., 2017)), which induces a time delay of
this more complex technique. Whether this delay counteracts the
gained time of not using an ECG removal algorithm, is unknown.
Nevertheless, Estrada et al. (2015) found that fSampEn showed a more
accurate performance to derive a respiratory waveform in presence of
cardiac artefacts than ARV and RMS (see Fig. 2).

4. Discussion

In this narrative review the sources of signal noise in tc-EMG and
the different steps in the signal analysis techniques to process tc-EMG
have been described. Based on the literature found of this technique,
respiratory tc-EMG seems to be a promising clinical tool to assess in-
spiratory muscle activity.

4.1. The meandering road to the clinic

How to choose the optimal method to analyze respiratory tc-EMG
recordings remains difficult, but it is undisputed that an optimal mea-
surement set-up is essential.

Without proper documentation of the way the measurements are
conducted, the reported output could be incorrectly interpreted. Results
might be generalized while in practice they only agree with a specific
method or device and the variation in protocols is substantial (Dos Reis
et al., 2019).

When respiratory tc-EMG is used for cardiorespiratory monitoring,
the cardiac component is relatively straight forward. Monitoring heart
rate with tc-EMG can be done with high accuracy (Kraaijenga et al.,
2015) based on a QRS detection algorithm (for example the Pan-

Tompkins algorithm (Pan and Tompkins, 1985)) and does not need
extensive processing of the data. Respiratory monitoring with tc-EMG,
however, is more complex with the need for post-processing of recorded
data before respiration can be evaluated. Removing the cardiac inter-
ference has been described extensively and can often be implemented
with limited time delays. However, although QRS complex removal is
targeted, studies do not describe how to deal with additional ECG noise
such as the P and T-wave in the cardiac cycle. Of course frequency
domain filtering can suppress this interference but this is described
more as a side issue than the aim of filtering itself. On top of that, the
width of the window that is gated/subtracted is rather arbitrarily de-
termined. Because the shape and size of the QRS complex can differ
between subjects and placements of electrodes the gating window
should definitely be optimized.

Presenting the tc-EMG data as a respiratory waveform is needed for
clinical feature extraction (the actual breath-by-breath parameters).
Single breath parameters like amplitude, peak activity, tonic (end-ex-
piratory) muscle activity and area under the curve are common para-
meters to report when using respiratory tc-EMG in clinical studies (e.g.
Kraaijenga et al., 2016). Changes over time, i.e. trend or long-term
variability analysis, of these parameters might be useful to detect
clinical deterioration (de Waal et al., 2017; Zannin et al., 2018).
However, the method used to construct the respiratory waveform may
also influence its interpretation. RMS, ARV, ICA and entropy analysis
can all be used to acquire a respiratory waveform, but when reporting
the outcome parameters, one must clearly state which method was
used.

4.2. Proposals for future research

Most current studies describe analysis techniques that were tested in
a simulated bench setting, an animal model, or the adult population.
Those reporting tc-EMG recordings in infants, used algorithms adopted
from adult literature. No study has yet compared different groups of
subjects (infants, children and adults), and tested multiple analysis al-
gorithms (e.g. for QRS removal) in real-life data. More comparative
studies on the effectiveness of these analyses are therefore needed to

Fig. 2. A generated random signal with im-
pulsive noise where fixed sample entropy
(fSampEn), root-mean-square (RMS) and
average rectified value (ARV) have been
calculated. It illustrates that the fSampEn
approach is not influenced by the impulsive
noise. Graph redrawn from Estrada et al.
with permission of the author (Estrada et al.,
2015).
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allow for clinical implementation of tc-EMG measurements of re-
spiratory muscles in different populations.

Furthermore, no clear software algorithm to automatically detect
and remove motion artefacts has been described. Depending on the
characteristics of the artefacts, development of such an algorithm might
be possible, based on the use of signal strength thresholds or frequency
characteristics.

Once adequate signal processing is achieved, more research is
needed on how to incorporate tc-EMG in clinical practice. Besides
monitoring respiratory rate and heart rate (Kraaijenga et al., 2015),
monitoring respiratory activity might also be used in assessing the ef-
fect of altering respiratory support in the process of weaning or perhaps
to trigger a ventilator based on spontaneous breathing effort recorded
by tc-EMG. Visual inspection might suggest that entropy analysis pro-
vides a smooth waveform that could be used for triggering. However, its
processing time might be too long to efficiently trigger a ventilator.
Nevertheless, it would be interesting to investigate the different kinds of
respiratory waveform construction (RMS, ARV, entropy) as means to
trigger a ventilator. In that way tc-EMG might become a non-invasive
and low-cost alternative to the neurally adjusted ventilator assist
(NAVA, Ferreira et al., 2017; Oda et al., 2018) mode. NAVA uses te-
EMG to trigger the ventilator based on the patient’s effort but this mode
is only available on a single type of ventilator.

In conclusion, the diversity in the current literature with respect to
the different options in tc-EMG data analysis should not hamper future
research. On the contrary, it can be used as a drive to make a large
contribution to the generalizability of data analysis and data publica-
tion in this field. With all clinical possibilities to implement tc-EMG, the
analysis should be tailor-made, based on system requirements, the pa-
tient population and the setting in which tc-EMG is used.
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