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Quantification of Gastric Slow Wave Velocity
Using Bipolar High-Resolution Recordings

Henry Han , Leo K. Cheng , Recep Avci , Member, IEEE, and Niranchan Paskaranandavadivel

Abstract—Objective: Gastric bio-electrical slow waves
are, in part, responsible for coordinating motility. High-
resolution (HR) in vivo recordings can be used to capture
the wavefront velocity of the propagating slow waves. A
standard “marking-and-grouping” approach is typically em-
ployed along with manual review. Here, a bipolar velocity
estimation (BVE) method was developed, which utilized
local directional information to estimate the wavefront ve-
locity in an efficient manner. Methods: Unipolar in vivo HR
recordings were used to construct bipolar recordings in dif-
ferent directions. Then, the local directionality of the slow
wave was extracted by calculating time delay information.
The accuracy of the method was verified using synthetic
data and then validated with in vivo HR pig experimental
recordings. Results: Against ventilator noise amplitude of
0% - 70% of the average slow wave amplitude, the direction
and speed error increased from 4.4◦ and 0.9 mm/s to 8.6◦

and 1.4 mm/s. For signals added with high-frequency noise
with SNR of 60 dB - 12 dB, the error increased from 8.0◦ and
1.0 mm/s to 9.8◦ and 1.2 mm/s. With experimental data, the
BVE algorithm resulted in 19.2 ±1.7◦ of direction error and
2.0 ± 0.2 mm/s of speed error, when compared to the stan-
dard “marking-and-grouping” method. Conclusion: Gastric
slow wave wavefront velocities were estimated rapidly us-
ing the BVE algorithm with minimal errors. Significance:
The BVE algorithm enables the ability to estimate wavefront
velocities in HR recordings in an efficient manner.

Index Terms—Bipolar recording, gastric dysrhythmias,
multielectrode recordings, spatio-temporal slow waves.

I. INTRODUCTION

GASTRIC motility is coordinated, in part, by bio-electrical
events known as slow waves which are generated and
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propagated by a network of specialized cells called the inter-
stitial cells of Cajal [1]. In vivo recordings from the surface of
the stomach, utilizing unipolar and bipolar recording methods,
have provided an electrophysiological understanding of slow
wave activity in health and disease [2], [3]. Unipolar recordings
represent both far-field and local activation, whereas bipolar
recordings mainly include information on local activation [4].
Furthermore, bipolar recordings are less susceptible to noise
than unipolar recordings due to subtraction of global noise [5].

Unipolar and bipolar recording methods are commonly used
in bio-electrical recordings such as electrocardiography and
electroencephalography. In the cardiac field, to detect the de-
polarization around an infarction or scar, bipolar recordings
are typically utilized [6]. In addition, unipolar recordings are
also used in the cardiac field to define the conduction pathways
in disorders such as Wolff-Parkinson-White syndrome [7]. In
electromyography (EMG) applications, unipolar and bipolar
recording methods have been used to capture the electrical
activity of the muscles for force generation and diagnostic util-
ity [8], [9]. Neuromuscular disorders such as Duchenne muscle
dystrophy and spinal muscle atrophy can be diagnosed by using
high-resolution (HR) bipolar surface EMG techniques [10]. For
control of robotic prosthesis, the estimation of force exerted
requires accurate prediction, and unipolar recordings are favored
over bipolar recordings. [11].

Bipolar recording methods have been utilized in the gastric
field but have been limited to low channel count recordings
(typically around 10 - 15 electrodes) [2], [12]. Recently, the
application of HR electrode arrays to record from the surface
of the gastrointestinal (GI) organ from hundreds of electrodes
simultaneously has provided accurate spatio-temporal profiles
of slow wave activity [13]. This technique has revealed the nor-
mal conduction system in the stomach and intestines [14], [15]
and also has revealed the presence of dysrhythmic or abnormal
patterns, such as ectopic pacemakers and re-entrant circuits [3],
[16]. An increase in circumferential slow wave velocity and
amplitude has been identified as a characteristic of dysrhythmic
activity [17].

Several methods exist to quantify the in vivo gastric slow
wave propagation velocity. The most commonly used method
is the “marking-and-grouping” framework [18], where all the
slow wave activation times are identified using a threshold-based
algorithm, and grouped into wavefronts using a region growing
algorithm followed by manual review. Methods to visualize
activation times and calculate velocity were already established

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0000-0001-6016-7177
https://orcid.org/0000-0003-2426-8987
https://orcid.org/0000-0003-2652-2192
https://orcid.org/0000-0001-7377-8524
mailto:npas004@aucklanduni.ac.nz
https://doi.org/10.1109/TBME.2021.3112955


1064 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 69, NO. 3, MARCH 2022

in the HR cardiac mapping field and were adapted for gastric
HR mapping [19], [20]. In particular the use of isochronal
maps were used to observe slow wave propagation, while gas-
tric slow wave velocities were calculated using a smoothed
finite-difference approach [21]. An alternative method exists for
estimating slow wave velocities by determining the time-delay
between unipolar recordings via cross-correlations [22]. This
approach was more efficient than the “marking-and-grouping”
framework as identifying and grouping activation times can be
time consuming. The local directional information from HR
bipolar slow wave recordings has not been explored to-date.
Cardiac bipolar recordings have shown that the signal amplitude
provides information about the wavefront orientation, areas of
conduction block, and presence of diseased tissue [23]. Similar
advances are vital for gastric bio-electrical recordings.

In this paper, a novel bipolar velocity estimation (BVE)
method was developed to detect the wavefront velocity of slow
waves in HR mapping. It was applied to synthetic and experi-
mental data and was validated against the standard “marking-
and-grouping” framework.

II. METHODS

A. Experimental in Vivo Methods and Pre-Processing

Ethical approval for experimental studies was granted by the
University of Auckland Animal Ethics Committee. The experi-
mental methods and animal care were performed as previously
described [24]. In brief, the pigs were anesthetized, after which a
mid-line laparotomy was performed to gain access to the gastric
serosal surface. HR flexible printed circuit board (FPC) elec-
trodes (128–256 channels with 4 mm spacing) were then placed
on the gastric serosa. Warm saline-soaked gauze was placed
over the HR FPC electrodes, after which the wound edges were
approximated. Data were recorded using a passive ActiveTwo
recording system (BioSemi, Amsterdam, the Netherlands) at
512 Hz. The reference electrodes were placed on the hindquarter
thigh. The pigs were euthanized at the end of the experiments
while under anesthesia.

Raw experimental recordings were first down-sampled to
30 Hz. Then, baseline drift was removed by a Gaussian moving
median filter, followed by a Savitzky-Golay filter to remove the
high-frequency noise [25]. Pre-processing, data analysis, and
method development were all performed in MATLAB R2019b
(MathWorks, Natick, MA, USA).

B. Synthetic Signal Generation

Synthetic unipolar HR signals were generated using experi-
mental unipolar slow wave recordings from in vivo pig studies.
The first principal component of experimental slow wave events
from one 10-min channel was defined as the noise-free slow
wave signal event [26]. This event was used to define three
synthetic HR data sets [27] (10× 10 channels of 4 mm spacing):
(i) linear wavefront pattern (oriented at 45◦), (ii) pacemaker
wavefront pattern, and (iii) colliding wavefront pattern.

To mimic the presence of noise in an experimental set-
ting, ventilator (low-frequency) and high-frequency noise were
added to the synthetic slow wave signals [28]. Ventilator noise

originates from the pig breathing during the experiment, and
high-frequency noise is from electrical interference. In brief,
simulated ventilator noise was modeled as a sine wave which
ranged 0%–100% of the average slow wave amplitude, with a
frequency of 12 cycles per minute (cpm). High-frequency noise
was simulated as Gaussian white noise with an SNR range of
4–60 dB. For each noise type and noise level, 50 noise signals
were randomly generated to evaluate the performance of the
algorithm.

C. The BVE Algorithm

The flowchart of the BVE algorithm is shown in Fig. 1. The
algorithm was divided into three main stages: (i) slow wave
event likelihood estimation using kurtosis of the signal gradient,
(ii) wavefront orientation estimation using bipolar signals, and
(iii) computation of wavefront velocity using the bipolar signal
morphology.

The filtered signals were segmented using a sliding window
of 17 s and a step size of 1 s. To avoid two or more wavefronts
in a single window, a window length of 17 s was chosen, which
accounted for a normal slow wave frequency as high as 3.5 cpm
in a pig stomach [24].

1) Slow Wave Event Likelihood Estimation Using Kurto-
sis of Signal Gradient: To estimate if slow waves were present
in the unipolar segments, two conditional criteria were to be
satisfied. The first was an adaptive amplitude range threshold,
followed by a kurtosis of signal gradient threshold.

The first threshold condition was based on an observation that
a slow wave segment with a very high or low amplitude range
was unlikely to include a slow wave event. An adaptive threshold
(AdTh) of acceptable signal amplitude range was calculated
for each sliding window. AdTh was defined as the range from
negative to positive standard deviation (SD) from the mean
amplitude range of the signal segments across all channels, as
in

AdTh = [E(R)− σ,E(R) + σ], (1)

where R represents the amplitude ranges of the signal segments
across all channels, E() denotes the mean and σ denotes the SD
of R. Any signal segment with an amplitude range within the
AdTh was not likely to contain large noise deviations and was
used in the next step.

During data analysis, it was observed that a signal segment
with slow wave events typically had gradient values of a lep-
tokurtic distribution, while a signal segment without slow wave
events had gradient values of a mesokurtic distribution. As a
result, the kurtosis of the signal gradient (KuGr) was used to
quantify how likely slow wave events were recorded [29], as in

KuGrx,y =
E([S ′

x,y − E(S ′
x,y)]

4)

[E([S ′
x,y − E(S ′

x,y)]
2)]2

, (2)

where KuGrx,y denotes the KuGr of the signal segment from a
channel with the coordinates of (x, y) in the electrode array,
and S ′

x,y denotes the gradient of the signal segment of this
channel.

After empirical testing with experimental data, a KuGr value
of 20 was selected as the threshold. Two examples of KuGr
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Fig. 1. Flowchart of the BVE algorithm. The algorithm was divided into three main stages: (a) slow wave event likelihood estimation using kurtosis
of the signal gradient, (b) wavefront orientation estimation using bipolar signals, and (c) computation of wavefront velocity using the bipolar signal
morphology.

Fig. 2. Examples of running kurtosis of signal gradient calculation for experimental recordings: (a) a slow wave signal, and (b) a noisy recording
with ventilation artifacts. Kurtosis of the signal gradient was calculated on a moving window of 17 s.

calculation of experimental recordings are shown in Fig. 2.
When a slow wave event was present in the segment, the KuGr
value was over 20 (Fig. 2(a)). However, when a slow wave event
was not present, the KuGr value was below 20 (Fig. 2(b)). In
the BVE algorithm, if KuGr was over the threshold, it was
considered to have a high likelihood of containing a slow wave

event, and was considered for further processing. Otherwise, the
signal segment was excluded for further processing.

2) Wavefront Orientation Estimation Using Bipolar
Signals: If electrodes were located along a wavefront, they
would have similar potential values and therefore the bipolar
signal would have a relatively small amplitude, especially when
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Fig. 3. Patch size configurations for the BVE algorithm. The middle
channel marked with C represents the current channel with coordinates
(x,y). (a) For the 3 × 3 patch configuration, there was one patch around
the current channel. (b) For the 2 × 2 patch configuration, there were
four possible patches around the current channel (identified by different
line styles).

compared to bipolar electrode pairs oriented perpendicular to
the traveling wavefront plane [23].

Signal segments were normalized to have an amplitude range
of 0 - 1, after which the mean baseline offset of the normalized
signal segment was subtracted. To find the wavefront orienta-
tion, bipolar signal segments of various configurations were
constructed. To maintain spatial resolution and provide sufficient
angle resolution, two patch sizes were selected: 3 × 3 electrodes
(Fig. 3(a)) and 2 × 2 electrodes (Fig. 3(b)). Patches were trans-
lated over the electrode array sequentially. The middle channel
of the patch was termed the current channel. The electrode
pair configurations were designed to have distances as equal
as possible to avoid bias in the amplitude range calculation.

There was always one 3× 3 patch around the current channel.
Eight directional bipolar signal segments were calculated using
the signal segments of the channels within this patch with
directions of 0◦, 27◦, 45◦, 63◦, 90◦, 117◦, 135◦, and 153◦ (angles
were reported clockwise to the positive direction of the x axis) as
shown in Fig. 4(a)–(h). The electrode pair with the largest total
KuGr was selected as the pair to represent each direction. If any
of the eight directional bipolar signal segments was not present,
the algorithm processed the current channel with a 2× 2 patch
instead.

There were at most four 2 × 2 patches around the current
channel (Fig. 4(i)–(l)). Four bipolar signal segments of different
directions were calculated using the signal segments of the
channels within these patches (0◦, 45◦, 90◦, and 135◦). As
with the 3 × 3 patch, the bipolar electrode pair in the 2 ×
2 configuration with the largest total KuGr was selected to
represent the direction. Directional bipolar signal segments were
calculated using available patches at the edges or the corners of
the electrode array. All four directional bipolar signal segments
were required to compute the wavefront orientation, otherwise
the orientation was unable to be estimated.

The direction of the bipolar signal segment with the smallest
potential amplitude range was considered to be aligned with the
wavefront.

3) Computation of Wavefront Velocity Using Bipolar
Signal Morphology: Once the wavefront orientation was de-
termined, the algorithm assessed the morphology of the

Fig. 4. Electrode pair configurations. Each figure represents the elec-
trode pair configuration for the bipolar signal calculation of one direction.
Within each figure, different colors represent different electrode pair
candidates. The electrode pair with the largest total KuGr was selected
as the pair to represent each direction. Eight and four directional bipolar
signal segments were calculated using the electrode pairs as in (a)–(h)
for the 3 × 3 patch and in (i) - (l) for the 2 × 2 patch respectively.

directional bipolar signal segment orthogonal to the wavefront,
to estimate the propagation direction and speed. The time delay
between the unipolar signal downstrokes (activation phase) of
the corresponding channel pair resulted in a positive or negative
deflection in the bipolar signal segment (Fig. 6(c)–(d)). To
determine if it was a positive or negative deflection, a Tukey
window of amplitude 1 - 2 was first applied to the bipolar signal
segment to minimize boundary effects.

The gradient of the bipolar signal segment was then calcu-
lated using central finite differences, after which the steepest
upstroke and downstroke points were identified. Based on this
information, one of the two potential propagation directions
was eliminated, resulting in the final estimated direction of
the propagation. The time delay between the steepest upstroke
and downstroke points was calculated from the gradient of the
bipolar signal segment. The estimated speed was computed by
dividing the distance between the corresponding electrode pair
by the time delay.

If the slow wave frequency was higher than 3.5 cpm, two
events would be present in a bipolar signal segment. In such
cases, a reversed propagation velocity may be estimated, when
the upstroke and downstroke points from different wavefronts
were identified. Thus, a threshold of 2 s was applied on the time
delay between the upstroke and downstroke points to address
this issue. The threshold value of 2 s was selected to account for
normal slow wave speed as low as 5.7 mm/s [24]. If the time
delay was greater than the threshold, the morphology analysis
would be performed again on the first half of the bipolar signal
segment to account for only the first event.

After the calculation of the directions and speeds, interpola-
tion and filtering were introduced to improve the coverage and
visualization. Inverse distance weighting interpolation with a
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Fig. 5. Activation maps of the 3 synthetically generated slow wave profiles (isochronal level is 1 s): (a) linear wavefront, (b) pacemaker activity,
and (c) colliding wavefronts.

Fig. 6. Intermediate results of the BVE algorithm (isochronal level is 2 s). (a) The configuration of the HR electrode array overlaid on the activation
map. The 3 × 3 square shows the patch configuration. The dotted line shows the estimated wavefront orientation. The two potential propagation
directions are shown as arrows. The blue diamond and square show the locations of the active and the reference electrodes in (c). (b) The
normalized bipolar potential amplitude range of the eight directional bipolar segments. The solid bar shows the smallest range. (c) The unipolar
signal segments from the electrode pair that was orthogonal to the estimated wavefront. (d) The bipolar signal segment corresponding to (c). (e) The
gradient of (d). (f) The interpolated and filtered velocity estimation overlaid on the activation map. The result for the current channel is surrounded
by a square.

radius of double the inter-electrode spacing (8 mm) was applied
on the estimated directions and speeds, once to interpolate,
followed by once to extrapolate the edges [30]. Then, the inter-
polated directions and speeds were filtered with a 2-D Gaussian
smoothing kernel with an SD of 0.5 [31].

D. Visualization and Performance Measurements

For the synthetic signals, the activation times were analyti-
cally defined at a frequency of 3 cpm using methods as pre-
viously described [21]. For experimental signals, the standard

“marking-and-grouping” framework was applied to identify and
group the activation times followed by manual review and
correction [18]. For each propagating wavefront, an isochronal
map was generated. The isochronal color bands indicated the
area of the wavefront propagation over a given time interval.
The slow wave propagation velocities were estimated using the
smoothed finite difference method [21], which was used as the
gold-standard.

The BVE algorithm was applied to both the synthetic and
experimental signals to estimate the wavefront velocity. The
velocity vectors estimated by the BVE algorithm were overlaid
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as arrows on the isochronal activation maps to visualize and
validate the results at each channel and for each sliding window.
The angle of the arrow indicates the direction, while the length
indicates the speed.

The mean absolute direction and speed errors between the
velocities from the BVE algorithm and the gold-standard were
computed for each sliding window with slow wave event. For
the synthetic signals, the mean absolute direction and speed
error against each type and level of the simulated noise was
calculated for each slow wave pattern. For the experimental
signals, the mean absolute direction and speed error for each
pig was calculated. The overall accuracy of the BVE algorithm
was measured by computing the mean absolute direction and
speed error across all the pigs and reported as mean ± standard
error of the mean. The time used by the “marking-and-grouping”
method and the BVE algorithm was measured and compared.

III. RESULTS

Synthetic signals of the 3 propagation patterns were generated
and the corresponding isochronal activation maps are shown in
Fig. 5. Ten in vivo HR recordings, from 7 pigs (43 ± 11 kg),
with a duration of 5 minutes per recording were used for this
study. Four of the 10 recordings had normal slow wave patterns,
while the other 6 exhibited dysrhythmic patterns.

A. The BVE Algorithm

The BVE algorithm was applied to synthetic signals and in
vivo HR slow wave recordings. Examples of intermediate results
from each stage of the algorithm and the overall results are
described in the following sections.

1) Wavefront Orientation Estimation Using Bipolar Sig-
nals: An example of wavefront orientation estimation is shown
in Fig. 6(a)–(b). Eight directional bipolar signal segments
were constructed using the unipolar signal segments from
the channels within the 3 × 3 patch as shown in Fig. 6(a).
The potential amplitude ranges were calculated (Fig. 6(b)). The
bipolar signal segment of the smallest potential amplitude range
was at an orientation of 27◦, which was the estimated wavefront
orientation. Two potential wavefront directions were identified
at 117◦ and 297◦, which were orthogonal to the estimated
wavefront (Fig. 6(a)).

2) Computation of Wavefront Velocity Using Bipolar Sig-
nal Morphology: The gradient of the bipolar signal segment
that was orthogonal to the estimated wavefront was calculated,
which was at 117◦ (or 297◦). The unipolar signal segments from
the corresponding electrode pair are shown in Fig. 6(c). The
resulting bipolar signal segment is shown in Fig. 6(d) and the
gradient of the bipolar signal segment is shown in Fig. 6(e).
The maximum and minimum points of the gradient of the
bipolar signal segment were identified. The morphology of the
deflection caused by the time delay between the unipolar signal
downstrokes was analyzed. In this example, the minimum point
occurred prior to the maximum point and therefore the deflection
was identified as negative. Thus, the wavefront reached the
active electrode before the reference electrode and the slow wave
propagation direction was estimated to be 117◦.

TABLE I
MEAN ABSOLUTE DIRECTION AND SPEED ERRORS FOR SYNTHETIC

SIGNALS FOR FOUR NOISE LEVELS

The bipolar signal segment that was orthogonal to the esti-
mated wavefront was produced by a pair of electrodes with a
distance of about 8.9 mm (Fig. 6(a)), given the inter-electrode
distance was 4 mm. The time delay between the slow wave events
from this pair of electrodes was 1.2 s and therefore resulted in
an estimated speed of 7.4 mm/s.

B. Visualization

Fig. 6(f) shows an isochronal map using the “marking-and-
grouping” approach along with the velocities from the BVE
algorithm with a sliding window which ended at 427 s. The
velocities were shown as arrows overlaid on the “marking-and-
grouping” generated isochronal activation map. The directions
of the arrows were consistent with the isochronal activation map
(Fig. 6(f)).

C. Performance Measurements

1) Synthetic Signals: The mean absolute direction and
speed errors at all noise levels for each slow wave pattern are
shown in Fig. 7(a)–(d) and Table I.

In general, for both types of synthetic noise, the mean absolute
errors increased when the SNR decreased. The linear wavefront
pattern was oriented at 45◦, which matched the axis of the
bipolar electrodes. Therefore, the BVE algorithm was able to
accurately estimate the velocity with minimal error. Thus, the
linear wavefront pattern had negligible direction and speed error
for all levels of noise investigated. The pacemaker wavefront
pattern showed larger errors, while the colliding wavefront
pattern showed the largest errors. For the synthetic ventilator
noise added signals (Fig. 7(a)–(b)), the slow wave propagation
velocities of the signals became undetectable with a ventilator
noise amplitude greater than 75% of the average slow wave
amplitude. For the synthetic high-frequency noise added signals
(Fig. 7(c)–(d)), the signals became indistinguishable at SNR
lower than 12 dB (example tracings are shown in Supplementary
Material). Thus, the SNRs between 60 dB and 12 dB were
included in the calculations.

2) Experimental Signals: The mean absolute direction and
speed errors for each pig are shown in Fig. 7(e)–(f). Pig 2 had the
largest deviation as it was a case where the FPC electrode array
did not have sufficient contact with the tissue. Pigs 1, 3, 4, and
5 exhibited dysrhythmic slow waves, which generally showed
larger deviations than the normal slow wave activity (Pigs 6 and
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Fig. 7. Absolute direction and speed error results in comparison to the gold-standard. (a) - (b) The error results against synthetic ventilator noise.
The mean error increased from 4.4◦ and 0.9 mm/s (0%) to 8.6◦ and 1.4 mm/s (70%). (c) - (d) The error results against synthetic high-frequency
noise. The mean error increased from 8.0◦ and 1.0 mm/s (60 dB) to 9.8◦ and 1.2 mm/s (12 dB). Note that the amplitude of the high-frequency noise
ranged from 0.2% (60 dB) to 146.4% (4 dB) of the average slow wave amplitude. (e) - (f) The error results against experimental recordings. The
number of sliding windows measured for each pig is shown as n. The mean errors across all the pigs were 19.2± 1.7◦ and 2.0 ± 0.2 mm/s.

7). The mean absolute direction and speed errors across all the
pigs were 19.2 ± 1.7◦ and 2.0 ± 0.2 mm/s.

To process a 5 minute HR (256 channels) slow wave record-
ing, the “marking-and-grouping” method took 4 minutes without
manual review and correction. This time increased to over 1 h by
introducing manual review and correction to ensure the accuracy
for normal slow wave propagation patterns. For dysrhythmic
and dynamic slow wave propagation profiles, which included
conduction blocks and ectopic pacemakers, a much longer time
was required for review. However, the BVE algorithm processed
the same data set in 8.7 ± 1.9 s (mean ± SD).

IV. DISCUSSION

In this paper we developed the BVE algorithm, verified the
approach with with synthetic signals and validated it against
the standard “marking-and-grouping” framework using in vivo
HR experimental slow wave recordings. In the BVE algorithm,
bipolar signals were constructed from HR unipolar recordings
to compute the local directional information of the propagating
wavefront. Gastric slow wave velocities were estimated rapidly
using the BVE algorithm with minimal errors, from all the
synthetic and experimental signals.

Bipolar signals have not been used in GI in vivo HR recordings
and more information could be gained using this approach. In
particular, the BVE algorithm can be used to detect regions
of high velocity in gastric HR recordings, which could help

identify the presence of dysrhythmias in a rapid manner [17]. The
automated nature of the BVE algorithm will be significant for
long term studies and chronic recordings, which are necessary to
relate symptoms and GI function to bio-electrical slow wave ac-
tivity [32], [33]. Bipolar slow wave recordings will also motivate
new HR bipolar electrode array designs, such as electrode arrays
with non-uniform density [34], [35]. There has been increasing
interest to measure bio-electrical activities on the body surface
and surface laplacian techniques have been commonly used to
enhance the signal [36]. This method could be translated into
a custom hardware electrode array as has been designed for
surface electrocardiology and electroenterogram [37], [38].

In comparison to the cross-correlation velocity method [22],
the BVE velocity error was higher (by 1 mm/s, 19◦), but was
three times more computationally efficient. In the BVE algo-
rithm the KuGr of the unipolar recording was used as a metric
to denote the likelihood of containing slow wave events, which
is a novel metric that can assist with bad channel and slow wave
event detection. This is similar to the application of kurtosis
to assess signal fidelity for gastric slow wave analysis in real
time [39].

Additional features could be incorporated to implement the
BVE algorithm in real time. For example, causal linear filters can
be used to enable real time processing and visualization [40]. By
extending the algorithm with the ability to group and classify the
estimated velocities, diseased tissue location or the orientation of
muscle activation around the organ axis could be detected in real
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time. New techniques such as the cardiac omnipolar mapping
technique can be translated for GI applications, benefiting the
BVE algorithm to provide more accurate detection results [41].
The BVE method focuses exclusively on the activation phase
to estimate wavefront velocities. In future, the velocity of the
slow wave recovery phase wavefront will also be computed. It
is anticipated that the dispersion in the activation and recovery
wavefront could play a role in the mechanisms of dysrhyth-
mias [42].

During the third stage of the BVE algorithm (computation of
wavefront velocity using bipolar signal morphology), the algo-
rithm may not be able to estimate a velocity. This occurs when
part of a slow wave event is contained in a sliding window and the
maximum and minimum gradient points may not represent the
deflection caused by the time delay between the downstrokes
of the unipolar signal segments. In these cases, the algorithm
would result in an incorrectly estimated velocity. A range of
SNRs from 4.23 - 24 dB have been reported by studies using FPC
electrode arrays [43], [44]. Low SNR values could occur due to
technical faults and/or physiological aspects. An example of a
technical fault is when the connector is not soldered correctly,
and a physiological aspect is when slow waves are colliding or
if there is a conduction block in the tissue. The signals in that
particular region of the electrode array will have poorer SNR.

In future studies, in vivo experimental recordings from differ-
ent species and different parts of the GI system, such as the intes-
tine and the colon, will be used to validate the BVE algorithm.
The parameters will need to be adapted for the varying frequen-
cies and velocities for each of the GI organs. In particular, the
sliding window size, the kurtosis signal gradient threshold condi-
tion, and the time difference threshold will need to be optimized.

V. CONCLUSION

A novel BVE algorithm was developed and validated to
estimate the gastric slow wave propagation velocity. A key
advantage of this method is that it can rapidly estimate slow
wave propagation velocities, enabling real time assessment of
propagation dynamics. Application of BVE during or after an
intervention such as pacing [45] or ablation [46] will allow for
wavefronts of interest to be rapidly determined and could aid in
our understanding of slow waves in health and disease.
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