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Stimulus Artifact Cancellation in the Serosal
Recordings of Gastric Myoelectric Activity
Using Wavelet Transform
Hualou Liang*, Senior Member, IEEE, and Zhiyue Lin, Senior Member, IEEE

Abstract—Previous studies have shown that electrical stimulation of the stomach (i.e., gastric pacing) with appropriate
parameters is a promising method for treatment of gastroparetic
patients. The recording of gastric myoelectric activity (GMA) by
serosal electrodes is often used to evaluate the effect of stimulation.
However, the major problem with the measurement of GMA
during gastric pacing is the stimulus artifacts which are often
superimposed on the serosal recording and make analysis difficult.
The frequency-domain adaptive filter has been used to reduce
the stimulus artifacts but only with limited success. This paper
describes a wavelet transform-based method for the reduction
of stimulus artifacts in the serosal recordings of GMA. The key
of this method lies in the use of the fuzzy set theory to select the
stimulus artifact-related modulus maxima in the wavelet domain.
Both quantitative and qualitative measures show that significant
stimulus artifact cancellation was achieved through a series of
computer simulations. Results from both single- and multichannel
serosally recorded myoelectric signals during gastric pacing are
presented to demonstrate the efficiency of the proposed method
for the cancellation of stimulus artifacts.
Index Terms—Fuzzy logic, gastric pacing, stimulus artifacts,
wavelet transform.

I. INTRODUCTION

A

S in the human heart, there is a gastric pacemaker in
the stomach which is located in the midcorpus along
the greater curvature. It generates a so-called slow wave
propagating distally toward the pylorus (Fig. 1). The gastric
slow wave is omnipresent and its normal frequency in humans
is about 0.05 Hz. The frequency and propagation of gastric
contractions are determined by the gastric slow wave. Spikes,
bursts of rapid changes in gastric myoelectric activity (GMA),
are directly associated with antral contractions. The antral
muscles contract when slow waves are superimposed with
spike potentials [1], [2]. Abnormalities in GMA may result in
gastric motility disorders, such as gastroparesis. Gastroparesis
is defined as delayed gastric emptying of a solid meal. Since
gastric motility is regulated by GMA, abnormalities in GMA
may lead to delayed gastric emptying [3], [4]. Recent studies
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Fig. 1. Diagram of gastric pacemaker and electrical activity in different
regions of the stomach.

have shown that electrical stimulation, or pacing, of the stomach
may become a possible treatment approach for gastric motor
dysfunctions [5], [6].
Electrical stimulation of the human stomach, like pacing of
the human heart, is achieved by externally delivering electrical
currents via electrodes positioned in the certain position of the
stomach. In practice, several pairs of electrodes are often implanted on the serosa of the stomach so that one can be used
for delivering electrical currents and others for recording GMA.
The major problem with the measurement of GMA during gastric pacing is the stimulus artifacts (SA) which are often superimposed on the serosal recording [see Fig. 2(a)]. Since the
electrodes used for delivering the electrical stimuli are positioned close to the recording electrodes, the SAs sometimes
comprise a large portion of the recorded signals. The SAs, usually consisting of periodic rectangular pulses, have overlapped
frequency components with the gastric myoelectric signal and,
therefore, cannot be eliminated by using conventional low-pass
or bandpass filters or simply by subtraction of the SAs from
the original recording [7]. The frequency-domain adaptive filter
has been used to reduce the SAs but only with limited success
[7]. The time-frequency representation has previously been employed in the analysis of nonstationary electrical signals of the
stomach [8]. For review, see [9]. However, in the presence of
stimulation artifacts, frequency analysis of serosal recordings
during gastric pacing is unreliable. Therefore, advanced signal
processing methods are needed to cancel the SAs in the severely
distorted gastric signals.
The wavelet transform (WT) has emerged as an exciting new
tool for statistical signal and image processing. The wavelet
domain provides a natural setting for many applications involving biomedical signals, such as electrocardiogram analysis
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desired modulus maxima (MM) in wavelet domain, then using
them to reconstruct the gastric signal.
II. THE WAVELET TRANSFORM (WT)
(a)

The continuous WT (CWT) of a one-dimensional signal
with respect to a mother wavelet
is defined
as [15], [16]
(1)

(b)

and
) are the scale and translation
where , (
gives a time-scale
parameters, respectively. The CWT
decomposition (where the scale can be considered as similar in
with indexing
functionality to frequency) of the signal
the scale and indexing time in the original signal space. Diwill match low-frequency components
lated versions of
and on the other hand, contracted versions will match high-frequency oscillations. Hence, the CWT exhibits the property of
“zooming” in on the sharp temporal variations in a signal.
The main disadvantages of the CWT are redundancy and
computational complexity. In practice, the WT scale and
translation parameters are discretized and for fast numerical
implementation the scale normally varies along a dyadic
. This yields the Dyadic WT [17]:
sequence
(2)

(c)
Fig. 2. (a) A serosal recording with gray bars indicating the SA and the
remaining part belonging to the GMA, (b) WT of the signal shown in (a)
computed with the quadratic spline wavelet at seven scales and (c) WTMM. At
each scale, each Dirac indicates the position of a modulus maximum and the
value of the WT at the corresponding location.

[10], [11], edge detection of medical image [12], classification [13], and chronobiological signal [14]. The remarkable
properties of the WT have led to powerful signal processing
methods based on simple scalar transformations of individual
wavelet coefficients. The objective of the present study is to
examine the applicability of the WT for canceling SAs in
gastric myoelectric recordings. The key point in the canceling
SAs in the recording is how to select wavelet coefficients
representing gastric signal and eliminate the ones related to
SAs. We describe a fuzzy-based technique for selecting the

For a wavelet centered at time zero and frequency , the
characterizes the signal
wavelet coefficient
around the time and frequency 2
.
In this paper, the realization of the dyadic WT follows with
that of Mallat’s approach [17], [18]. The mother wavelet we
used is a quadratic spline wavelet, due to its similarity with the
SA. It is the first derivative of the cubic spline function. In fact,
there are many different functions suitable as wavelets, each
having different characteristics that are more or less appropriate
depending on the application. Irrespective of the mathematical
properties of the wavelet to choose, a basic requirement is that
it looks similar to the patterns we want to localize in the signal.
This allows a good localization of the structures of interest in
the wavelet domain.
Having chosen the quadratic spline wavelet as the mother
, is proportional
wavelet, it can be shown that the WT,
to the first derivative of the low-pass filtered version of signal
[18]. As a consequence, for any given scale , the MM
correspond, respecand modulus minima of the WT
tively, to the points of sharp variation and slow variation of the
smoothed signal at scale . Thus, the local shape of irregular
structures in the signal can be characterized by the evolution of
wavelet local maxima across scales. This multiscale characterization of the signal was called by Mallat et al. [17], [18] the
WTMM representation. The WTMM is used to describe any
is a locally maximum at
point ( , ) such that
. This implies that
(3)
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This local maximum should be a strict local maximum in either
the right or the left neighborhood of , to avoid having any
is constant. Fig. 2 demonlocal maxima when
strates the multiscale decomposition of a signal. Fig. 2(a)
gives an example of a serosal recording during gastric pacing.
Fig. 2(b) shows its WT computed at seven scales, whereas the
Fig. 2(c) shows the corresponding MM of the WT. The WTMM
representation of a signal records the values and locations of
local maxima of its WT modulus. In [18], it is showed that a
signal could be reconstructed, with good approximation, from
the WTMM. For details of the description of the WTMM representation and the efficient implementation of the reconstruction
algorithm, refer to the original work [17], [18].

As stated, the SAs contained in the serosal recordings result
from an external pulse generator. The SAs may differ from the
stimuli in magnitudes and locations, but the information about
locations of the stimuli is steadily available. Such a priori information can be best exploited with the fuzzy set theory to accommodate the time ambiguity (the uncertainty of location) of SAs
in reference to the stimuli. The time ambiguity, arising mostly
from the time delay of propagation, is the main motivation to
take advantage of fuzzy membership functions.
Specifically, the MM locations, with some ambiguity, are
compared at each scale between the stimuli and the gastric
myoelectric recording during pacing. A triangular fuzzy mem, centered on the maxima location at
bership function,
scale , is employed to represent the time ambiguity. The fuzzy
and
of
intersection between two fuzzy sets,
the stimuli and the gastric myoelectric recording during pacing,
respectively, corresponds to the locations of the MM of SAs,
which can be expressed as

III. METHODS
A. Experimental Methods
1) Placement of Serosal Electrodes: The data used in this
study were obtained in nine gastroparetic patients who participated in a trial on electrical stimulation of the stomach to aid
gastric emptying [6]. Four pairs of temporary cardiac pacing
wires (A & E Medical, Farmingdale, NJ) were implanted on the
serosal surface of the stomach along the greater curvature from
the corpus to pylorus during the scheduled surgery for the placement of the feeding jejunostomy tube. The distance between adjacent pairs of electrodes was 4 cm. The most distal electrodes
were 2–4 cm above the pylorus. The electrodes were affixed
to the gastric surface by partially embedding the wire in the
seromuscular layer of the stomach. The wires were brought out
through the abdominal wall percutaneously and placed under a
sterile dressing.
2) Measurement of GMA: The study on gastric pacing
was performed one week or more after the surgical procedure.
Electrical stimulation was delivered via the most proximal
electrodes using a commercial available stimulator (WPI,
New Haven, CT). The electrical stimuli consisted of periodic
rectangular pulses with an amplitude of 4 mA, width of 0.3 s,
and frequency of 10% higher than the intrinsic gastric slow
wave frequency. GMA was recorded from the electrodes distal
to the pacing electrodes during the entire study. All signals
were recorded on a tape recorder. For the computerized data
analysis, all recorded signals were played back from the tape
recorder and low-pass filtered at 0.5 Hz and then digitized at
10 Hz.
B. Cancellation of SAs Using WT
The serosally recorded gastric myoelectric signal during gastric pacing mainly consists of gastric slow waves, SAs and a
considerable amount of noise due to muscular and respiratory
activities, etc. The key to cancel the SAs from gastric myoelectric recordings using WT is how to select the desired WT coefficients for reconstruction of gastric slow waves. This is the
choice of which coefficients to keep and which to eliminate. Our
solution lies in the use of the fuzzy set theory and associated
operators [19] to extract gastric slow waves related maxima in
wavelet domain, which has been shown its efficacy for the edge
detection of medical image [12] and the extraction of fetal electrocardiogram (ECG) [11].

if is a local maximum
elsewhere.
(4)
consists of the membership values in the interval
The
, indexing to the loca[0,1]. Its complementary set,
tions of the MM of the GMA is, therefore, written as
if is a local maximum
elsewhere.
(5)
The fuzzy decision is finally made to form the desired MM of
the GMA, as follows:
(6)
denotes the MM of the WT
. Fig. 3
where
illustrates the above fuzzy decision making procedure. The
essence of the fuzzy-based technique is to determine the fuzzy
intersection between the stimulus and the SA contained in the
gastric myoelectric recording in their WTMM representations
so that it provides tolerance with respect to their misalignments
in the MM.
Let us remark a critical point when implementing the fuzzybased algorithm. This is the choice of triangular fuzzy membership function. The width of the membership function at the
lowest scale was empirically set to be two samples on each
side of the MM, which gave us good results. Once the fuzziness width at the lowest scale is determined, it must be proportionally varied by a factor of two with the scale to ensure more
uncertainty at the higher scales. The choice of the proportional
factor of two is due to the use of dyadic WT where the evolution of a single point across scales falls with the cone of infor any scale is defined
fluence. The cone of influence of
[17], where is the support of the mother
by
wavelet. Its definition clearly reveals that the neighborhood of
proportionally varies with the scale.
From the above analysis, we design a four-stage procedure
for the SA cancellation as follows.
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Fig. 3. Fuzzy decision making schema for estimation of the MM of gastric
myoelectrical signal. For a given scale s, the top two plots show the WTMM
of the gastric myoelectric recording during pacing (top left) and the stimuli
(top right). Underneath (second row) are their corresponding triangular fuzzy
functions. The complementary set of their fuzzy intersections is labeled in the
third row as the selected fuzzy set belonging to the GMA. The MM of gastric
myoelectrical signal (last row) are then selected by applying the selected fuzzy
set on the WTMM of the gastric myoelectric recording during pacing (top left).

• Analysis stage: WTMM representations of the serosal
recordings and of the stimuli in the time-scale plane are
obtained using WT.
• Denoising stage: For the WTMM representation of the
serosal recordings, the local maxima with amplitudes below
certain threshold for each scale are removed, where the
threshold is adaptive determined with the scale-dependent
threshold estimation procedure called SureShrink [20].1 The
SureShrink, derived from minimizing Stein’s unbiased risk
estimate, is data-driven adaptive thresholding method and
has been shown to perform well. It was showed in [17] that
the WTMM curves of the noise decay across scales at least
or even do not propagate to larger scales.
at a rate of
Consequently, in application of denoising, we can remove
noise of a signal by removing all the WTMM of which the
amplitude decreases when the scale increases. This step is
expected to remove noise and thus reduce spurious spikes
contained in the signal which could be otherwise mistaken
as SAs.
• Estimation stage: The MM of the gastric myoelectric signal
is estimated using a fuzzy-based technique, as detailed
above.
• Reconstruction stage: The gastric myoelectric signal is reconstructed from the estimated MM [18].
The procedure we described so far is for one-channel SA
cancellation. Application to multichannel recordings is
1Comparisons with other two frequently used scale-dependent threshold estimation procedures (VisuShrink and Minimax) [21] were also made, with the
SureShrink yielding slightly better result over the wide signal-to-noise (SNR)
range.
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Fig. 4. The simulation example of cancellation of the SA. (a) A segment
of clean gastric myoelectrical signal. (b) SAs taken from the most proximal
electrode. (c) The stimuli as a priori consisting of periodic rectangular pulses
with width of three samples (0.3 s at the sampling frequency of 10 Hz) and
amplitude of one. (d) The synthesized composite signal using (a) and (b).
(e) The reconstructed gastric myoelectrical signal by the proposed method.
(f) The reconstructed gastric myoelectrical signal by the time-domain gating
method.

straightforward by applying the above procedure for each
channel recorded since the SAs contained in all the channels
are generated by the same pulse generator. Once the MM of
SAs is extracted, such information can be repeatedly used to
cancel SAs by other channels where available.
1) Computational Complexity: The computational complexity (in terms of multiplications) of the proposed approach
at each stage is described as follows. At the analysis stage,
the WT with the implementation of a filter bank is of the
[17], [18], where
is the number of
order of
signal samples. The numerical complexity of the denoising
[20].
stage, i.e., the SureShrink computation, is
At the estimation stage, the fuzzy-based selection of MM of
operations
gastric myoelectric signal requires
[11]. The reconstruction algorithm usually takes less than ten
iterations to converge with good approximation (a mean-square
error on the order of 10 ). Each iteration is done with an
number of computation [18]. Hence, the total
computational complexity of the proposed procedure is of the
.
order of
IV. PERFORMANCE ANALYSIS
A series of computer simulations was conducted to investigate the performance of the proposed algorithm. Simulated signals include: 1) a clean serosal recording as shown in Fig. 4(a),
which is free of SAs, obtained before the delivery of the external
electrical simulation; 2) a stimulus signal taken from the most
proximal electrode, representing SAs shown in Fig. 4(b); and
3) a series of white Gaussian noise with different noise levels
to simulate the noise interference in the recording. Both qualitative (visual) and quantitative measures were used to assess the
effectiveness of the proposed procedure. The root-mean-square
and the
error (RMSE) between the clean serosal recording,
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Fig. 5. The RMSE between the clean gastric myoelectric signal and the
reconstructed one changed with scales. The error bars were obtained from an
ensemble of 100 synthesized signals with a given clean gastric myoelectric
signal and the SA varied systematically by multiplying a constant from 0.01 to
1.0, with the increment of 0.01. The minimum RMSE is achieved at s 7.

Fig. 6. The RMSE between the clean gastric myoelectric signal and the
reconstructed one plotted against SNR with error bars obtained from 100
independent experiments.

extracted gastric slow wave,
which is computed as

The effect of additive noise on the performance of the proposed procedure was studied as follows. A simulated signal was
composed of a clean gastric myoelectric signal, SA, and white
noise. For different noise levels, the signal-to-noise ratio (SNR)
was calculated with respect to the energy of the gastric myoelectric signal. For the given noise level (or the given SNR), 100 independent experiments were conducted. The RMSE with error
bars was plotted against SNR in Fig. 6. It may be noted that the
SA can be canceled with acceptably low RMSE unless the SNR
falls to low levels where the SA is indiscernible.

=

, served as a merit measure,

(7)

A. Effect of the Scales of the Wavelet Decomposition
For a discrete signal of length , the maximum number of
available scales in the wavelet decomposition is defined as
. The number of scales is usually chosen to be
.
However, it has been proven that the choice of depends on
the signals [17]. We construct a composite signal [Fig. 4(d)]
of the clean gastric myoelectric signal [Fig. 4(a)] and the SA
[Fig. 4(b)] to explore the effect of the scale. The stimuli are
shown in Fig. 4(c). Once the very first location of SA has been
identified, the stimuli can be generated on the basis of electrical stimuli consisting of a series of periodic rectangular pulses
with width of 0.3 s (three samples at the sampling frequency of
10 Hz) and amplitude of one. We note that the amplitude of the
stimulus can be any value since the only relevant information of
the stimulus in the proposed method is its location. The RMSE
between the clean GMA and reconstructed one as a function of
the scale is shown in Fig. 5, where the RMSE first decreases up
to scale seven, then increases as the scale becomes larger. The
error bars were obtained from 100 composite signals generated
in such a way that, given the clean gastric myoelectric signal,
the SA was varied systematically by multiplying a constant from
7
0.01 to 1.0, with the increment of 0.01. In our application,
was found to be a good choice. An example of the reconstructed
gastric myoelectric signal is shown in Fig. 4(e). It is clear that
the SA is substantially reduced.

B. Effect of Additive Noise

V. COMPARATIVE STUDY
In this section, we compare the performance of the proposed
algorithm with that of the time-domain gating method [7]. The
time-domain gating method is a simple technique currently
used for the cancellation of SA. Basically, the SA is first
determined by the threshold method and was then subtracted
from the gastric myoelectric recording. An example is shown
in Fig. 4(f). Since the commonly used quantitative method for
gastric myoelectric signal is the power spectral analysis we,
therefore, plot the power spectra as shown in Fig. 7, in which
the spectra of the clean gastric myoelectric signal [Fig. 4(a)],
the composite signal [Fig. 4(d)], the reconstructed gastric
myoelectric signal [Fig. 4(e)] by the proposed method, and that
[Fig. 4(f)] by the time-domain gating method are shown in thin
solid, dashed, thick solid and dash-dotted lines, respectively.
We can see from these curves that the spectrum of the reconstructed gastric myoelectric signal by the proposed method is
close to that of the clean gastric myoelectric signal, whereas
the time-domain gating method results in large deviation,
particularly around the fundamental frequency (0.05 Hz) of the
gastric slow wave.

686

IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 49, NO. 7, JULY 2002

(a)

Fig. 7. Comparison of power spectra of the clean gastric myoelectric signal
(thin solid line), the composite signal (dashed line), the reconstructed gastric
myoelectric signal by the proposed method (thick solid line) and that by the
time-domain gating method (dash-dotted line).

(b)
Fig. 8. A result of cancellation of SAs. (a) Serosal recordings during gastric
pacing. (b) Reconstructed gastric myoelectrical signal.

To quantitatively assess the performance of the proposed
method, we compute the following relative error defined as
follows:

where
and
are, respectively, the spectral densities
of the clean and the reconstructed gastric myoelectric signals,
indexes the normal GMA ranging from 0.04 to 0.062 Hz,
and ranges from 0.0083 to 0.15 Hz. This relative error measures the degree of the waveform distortion relative to the clean
gastric myoelectric signal. Indeed, the proposed method yields
smaller relative error (0.0027 0.003) than that of time-domain
gating method (0.0371 0.001). The standard deviations were
obtained from 100 repetitions through adding white noise in the
composite signals with the SNR of 10 dB.
VI. EXPERIMENTAL RESULTS
The experimental data obtained from nine patients during
gastric pacing were used in this study. Results from both singleand multichannel recordings are reported here. Substantial cancellation of the SAs in the serosal recording was achieved using
the proposed procedure. A typical serosal recording during gastric pacing is presented in Fig. 8(a). The reconstructed gastric
signal is depicted in Fig. 8(b). We can see from Fig. 8 that
the most dominant characteristics of gastric signal are well preserved after the cancellation of SAs.
To further illustrate the effectiveness of the proposed method,
a segment of serosal recording from a patient with dysrhythmia
was selected. Fig. 9 shows the original recording [Fig. 9(a)] and
the extracted gastric signal [Fig. 9(b)]. It can be seen that the
proposed method performs equally well as previous examples in
spite of the high irregularity of the gastric signal. This is mainly
due to the fact that the method only takes advantage of the loca-

(a)

(b)
Fig. 9. Cancellation of SAs of the serosal recording obtained from a patient
with dysrhythmia. (a) Serosal recording. (b) Reconstructed gastric myoelectrical
signal.

tions of SAs. As long as the locations of SAs remain relatively
invariant, it will be able to cancel SAs from the gastric myoelectric recordings.
One example of applications to the multichannel recordings is
presented in Fig. 10. In Fig. 10, we show three-channel recordings during gastric pacing [Fig. 10(a)] and corresponding extracted gastric signals [Fig. 10(b)]. It is clearly observed that
the SAs in the recordings are greatly reduced.
VII. DISCUSSION AND SUMMARY
The WT has been applied for the cancellation of the SAs in
the serosal recording of GMA. The performance of the pro-

LIANG AND LIN: SA CANCELLATION IN THE SEROSAL RECORDINGS OF GMA

687

inate SAs. The frequency-domain adaptive filter has been used
to reduce the SAs but only with limited success [7]. Other techniques such as slew rate limiting [22] are suitable for artifact
suppression in the neuromuscular investigation, but it is not as
easily applicable to that in the GMA where the stimuli consist
of periodic rectangular pulses.
While applying the proposed algorithm to cancel SAs in
the serosal recordings, two practical aspects deserve further
remarks. First, if the SAs coincided with the gastric slow waves,
the algorithm would not work well. However, it is not likely
in most cases that both of their singularities are completely
overlapped both in scale and in time. Second, if there are spikes
in the serosal recording of GMA, their MM similar to those
of the SA will also propagate to higher scales, which will be
mistaken as SAs. This problem needs further analysis.
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