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Abstract—Swallow accelerometry is an emerging tool for non-
invasive dysphagia screening. However, the automatic detection of
a swallowing event is challenging due to contaminant vibrations
arising from head motion, speech and coughing. In this paper, we
consider the acceleration signal as a stochastic diffusion where
movement is associated with drift and swallowing with volatility.
Using this model, we develop a volatility-based swallow event
detector that operates on the raw acceleration signal in an online
fashion. With data from healthy participants and patients with
dysphagia, the proposed detector achieves performance compa-
rable to previously proposed swallow segmentation algorithms,
with the added benefit of online detection and no signal pre-pro-
cessing. The volatility-based detector may be useful for event
identification in other biomechanical applications that rely on
accelerometry signals.

Index Terms—Event detection, quadratic variation, semi-mar-
tingales, swallow accelerometry.

I. INTRODUCTION

T HE biomechnical characterization of human activity has
frequently been facilitated through multi axis accelerom-

etry. Example applications include the detection of feeding ac-
tivities [1] and driver drowsiness [2], the assessment of fall risk
in the aged [3], the quantification of muscle contractions [4], the
monitoring of cardio-respiratory activity [5], the study of head
angular accelerations in impact injuries [6], the tracking of neck
and thoracic vibrations for sleep apnea diagnosis [7], and the
noninvasive characterization of swallowing activity [8], [9].

In the above applications, there is a common need to au-
tomatically extract one or more events of interest from the
recorded acceleration signals. Particularly, in swallowing ac-
celerometry, we are interested in automatically identifying
signal segments associated with the passage of foodstuffs from
the mouth, through the pharynx and into the esophagus [10].
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These segments of signals may then be subjected to further
analysis, such as feature extraction and classification, to discern
between healthy and dysphagic swallowing [11], [12]. Indeed,
swallowing accelerometry has been suggested as a potential
adjunct to bedside screening for dysphagia [9], [11]–[14].

A number of accelerometric event detection methods have
been developed in the literature. For example, Sejdić et al. [10]
proposed a detection scheme based on the fuzzy clustering of
the standard deviation of the acceleration signal into swallow
and nonswallow classes. Detected events from two orthogonal
axes of vibration were logically combined. This approach was
tailored to long accelerometric recordings ( samples)
and yielded high detection accuracies for dry, wet and wet-chin
tuck swallows when compared against manual segmentation
by human experts. Lee et al. [9], used a pseudo-automatic
algorithm, whereby a swallow event was detected when the
standard deviation of the signal within a 500 ms sliding window
exceeded an empirically derived threshold in one of two vibra-
tion axes. This method exhibited high detection sensitivity for
short swallow sequences but in many cases the detected event
times did not agree with results of manual segmentation. These
automatic event detection methods have been developed and
demonstrated as strictly offline algorithms. Other swallowing
accelerometry studies have relied on manual segmentation of
vibration signals either by referencing events detected from
simultaneously acquired videofluroscopic image sequences [8],
[11], or by human expert inspection of acceleration traces [15].
Automatic event detection is necessary for continuous moni-
toring applications, where data records are too extensive for
manual analysis and changes in swallowing function need to be
flagged online. Likewise, in screening applications, automatic
event detection would reduce the number of manual steps in a
swallowing test, thereby mitigating the risk of human error.

In this paper, we introduce a novel approach to the auto-
matic detection of swallowing activity that is particularly con-
ducive to online analyses of dual-axis, continuous, extended du-
ration recordings. We first describe two swallowing accelerom-
etry data sets (Section II) that are used in the detailed formula-
tion of our event detector (Section III). The method is applied to
dual axis swallowing accelerometry data and evaluated against
respective gold standards (Section IV).

II. DATA SOURCES

We considered two separate dual axis swallowing accelerom-
etry data sets, one derived from healthy participants and the
other from patients with dysphagia. In both cases, the data arose
from a dual axis accelerometer (ADXL322, Analog Devices)
placed midline, below the thyroid notch using double-sided
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tape. The axes of the accelerometer were aligned to the ante-
rior-posterior (AP) and superior-inferior (SI) anatomical axes
as in [9]. Dual axis signals were bandpass filtered in hardware
with a pass band of 0.1–3000 Hz, sampled at 10 kHz and passed
through an amplifier (P55, Grass Technologies).

The healthy participant data set consisted of dual axis swal-
lowing accelerometry signals corresponding to 295 swallows
from 20 individuals without swallowing difficulties. The set in-
cluded dry saliva swallows, wet swallows (water by cup with
the head in the neutral position) and wet chin-tuck swallows
(water by cup with the head in the chin-tuck position). The gold
standard event times were obtained through manual segmenta-
tion by two expert human raters. This healthy participant data
set was originally considered in [10], and further details of the
collection procedure are contained therein. The patient data set
consisted of 266 swallows from 37 individuals with neurogenic
dysphagia. Accelerometric data were acquired simultaneous to
videofluoroscopy. Participants swallowed two or three 5 mL tea-
spoons of thin liquid barium (40% weight by volume suspen-
sion) with their head in a neutral position. Subsequent to each
swallow, the patient was asked to say “ha-ha-ha-ha”. At the at-
tending clinician’s discretion, the participant may have taken
an additional sip by cup. In this case, the gold standard event
times were obtained through retrospective review of radiolog-
ical video by a trained speech language pathologist. This patient
data set has not been previously considered.

III. SWALLOW DETECTION IN ACCELEROMETRY SIGNALS

Intuitively, a swallow manifests itself as an irregular vibra-
tion, increasing the signal’s variance. Thus, our goal is to detect
a swallow based on the variability of the accelerometry signal.
However, the exact definition and measurement of this vari-
ability is challenging. For one, accelerometry signals are highly
nonstationary [8], which poses significant challenges to their
statistical analysis. Moreover, there are additional sources of
variability which are confounded in these signals. The two most
prominent ones are measurement error and variability from vol-
untary or involuntary head movement. Our proposed method-
ology addresses both types of unwanted variability. To illustrate
the effects of head movement in particular, we present in Fig. 1
the accelerometry signal in the SI direction of a healthy subject,
while performing five chin-tuck swallows. The obvious excur-
sions in the mean of the signal before and after the swallow are
due to head movement. The subject has to lower his chin be-
fore the swallow, and then raise it right afterwards to prepare
for the next one. This and other types of head movement add to
the variability of the signal and induce nonstationarity, both of
which significantly complicate swallow detection.

A. Stochastic Modeling of Accelerometry Signal

We propose a model for the accelerometry signal that helps
distinguish the variability attributed to swallowing from that
due to head movement. The basic premise is to consider the
actual acceleration, denoted by , as a continuous sto-
chastic process. We assume follows a stochastic differential
equation

(1)

Fig. 1. Accelerometry signal in SI direction during five chin-tuck swallows.
Shaded regions delimit swallows, as identified by a speech language pathologist.

where is a Brownian motion process, and and are
separate processes called drift and volatility, respectively. Pro-
cesses that satisfy (1) are called stochastic diffusions, and are
described more thoroughly in [16]. They constitute a broad and
flexible family of continuous Markov processes, ranging from
simple Brownian motion to more elaborate nonstationary, non-
Gaussian processes. In simple terms, model (1) states that in-
stantaneous changes in acceleration, , comprise two terms:
a smooth change and a noisy change . The differ-
ence between the two terms is subtle, since they can both be
stochastic when the drift is stochastic. The distinguishing char-
acteristic is that is a gradual change, because multiplies
a time increment , whereas is an erratic change, be-
cause multiplies a Brownian motion increment, i.e., a random
quantity. Intuitively, the drift term represents the gradual rate
of change in the mean level of , whereas is the scaling
factor of the noisy fluctuations of .

Based on the previous description of the model, it is natural
to associate head movement with drift, since head movement is
directional and has a gradual effect on acceleration. A swallow,
on the other hand, consists of more abrupt and erratic move-
ments, so we associate it with volatility. We claim that, using
our proposed model (1), swallowing activity will be reflected
in the accelerometry signal by an increase in its volatility. But
volatility is not directly observable, so in practice we need to
estimate it. In the next two paragraphs we review the relevant
literature and present the approach we will adopt for estimating
volatility.

B. Quadratic Variation

We want to estimate the unobserved volatility process
from an equally spaced sample , where

. For now we assume the true acceleration can be
recorded without error; we return to the issue of measurement
error later on. Even though volatility is a latent process, it can
be estimated nonparametrically in a simple way, using the prop-
erties of stochastic diffusions. The basic quantity used in the
estimation is called the quadratic variation (QV) process, and
it acts as the link between volatility and the observed process.
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The QV process of any stochastic process is
defined as

(2)

In other words, is the limiting sum of the squared incre-
ments of the process up to time , as the time between in-
crements goes to zero. As such, QV is essentially a measure of
the cumulative variability of . Under fairly general conditions
[16], QV is equivalent to

(3)

Therefore, QV is independent of the drift, and the reason is that
the squared terms are smooth, so they disappear in the
limit. In contrast, the squared terms are sizeable even in
the limit, and they converge to . More importantly, we can
associate the volatility in (3) to the observed process in (2). In
particular, the QV process is strictly increasing, and its rate
of increase at any time is equal to the square of the volatility,

. The natural estimator of , based on a high-frequency,
equally spaced sample is

(4)

The process is called realized QV, in order to distinguish
it from the theoretical QV in (2). It has been used extensively in
the statistical literature, especially in financial applications for
measuring stock market variability [17]. The properties of
are described in [16]; in particular it is a consistent estimator of

as the sampling frequency .

C. Estimation Under Measurement Error

So far we have assumed the true acceleration is observed
without noise. In practice, however, this assumption is unreal-
istic. The observed signal is always contaminated with some
error, as

(5)

where is white noise with variance . The physical
interpretation of is that of measurement error from the ac-
celerometer, as well as noise from physiological sources such
as muscle vibrations. For the rest of the paper, we refer to the
noise from both sources as measurement error. This error se-
verely degrades the accuracy of realized QV, as defined in (4). In
fact, it can be shown [18] that , where

is the number of squared differences used in calculating
. The term represents the estimation bias due to

sampling error, and this bias increases with the sampling rate
. In particular, converges to infinity instead of as
increases, and for large we can consistently estimate the

noise variance as .
Fortunately, there are ways to overcome the effects of mea-

surement error on realized QV. The simplest is to subsample

Fig. 2. Illustration of subsampling scheme in (6). The first realized QV process

�� � uses observations starting from 0 and increasing by ���, whereas the

second realized QV process �� � uses observations starting from �� and
increasing by ���.

the process at a lower frequency than the maximum observation
frequency [18]. For example, we would calculate the realized
QV in (4) using every observation in the sample. The ben-
efits of subsampling come from reducing the estimation bias,

. This subsampling, however, is wasteful because we
are using only a fraction of the available data. We
therefore adopt a refinement of this method, due to Zhang et
al. [19], that uses all of the data. The authors propose creating

subsampled realized QV processes from interleaved samples,
and then averaging them to obtain the final QV estimate. These
interleaved samples start from 0 to , each one increasing
by observations. Formally, the sparsely sampled realized
QV processes are

(6)

for any . To facilitate understanding, Fig. 2
presents a graphical illustration of the sampling scheme for the
first two such processes. The proposed estimator of QV is ob-
tained by averaging the processes in (6) as

(7)

The main question now is what is the best choice of the sub-
sampling parameter ? The parameter essentially controls the
bias-variance trade-off in estimating QV; if it is too small the
measurement error will overwhelm the QV estimator, whereas if
it is too big the signal’s true variability will be lost. The authors
in [19] provide an estimate for the optimal that minimizes the
asymptotic mean square error of (7). Specifically, they propose
using

(8)

where is an initial guess for . A strategy for choosing a
good value of is given in the discussion of the implementa-
tion of the algorithm (Section IV-B). For our application to swal-
lowing accelerometry signals we use the realized QV in (7), with

Authorized licensed use limited to: The University of Toronto. Downloaded on June 08,2010 at 20:48:59 UTC from IEEE Xplore.  Restrictions apply. 



DAMOURAS et al.: AN ONLINE SWALLOW DETECTION ALGORITHM 3355

the optimal frequency estimated by (8). More detailed proper-
ties and the performance of this volatility estimator on simulated
data are presented in [19].

D. Volatility Estimation

Upon obtaining the realized QV, we want to estimate the
volatility process . In other words, we want to measure the
first derivative of the realized QV process . For this purpose,
we propose a nonparametric kernel smoother. We estimated the
volatility process at by

(9)

where is an optimal kernel
for estimating first derivatives [20], is the indicator func-
tion, is the smoothing parameter, or bandwidth, and

is the number of points that fall within the kernel’s
support. Since the kernel has local support in and
observations are equally spaced, the smoothing operation (9) is
equivalent to an FIR filter. The choice of the smoothing param-
eter is guided by contextual knowledge and is described in the
next section.

We give some perspective on our volatility estimate by
comparing it to alternative approaches for measuring variability.
The simplest and most intuitive one would be to use a moving
window variance estimator. Moving variance, however, is re-
ally appropriate only for first-order stationary signals, because
it will incorporate variability due to changes in the signal’s mean
level. A possible fix for nonstationarity would be to detrend the
data within the window before taking the variance, but this is
subject to different issues. First of all, knowledge of the form
of the trend (e.g., linear or polynomial) is required. Moreover,
if the same window is used for both mean and variance, this as-
sumes that they change at the same rate, which is a strict assump-
tion. If, on the other hand, different window sizes are used for
the mean and variance, this will increase the number of tuning
parameters. Another way of dealing with nonstationarity in the
mean would be to take the rolling variance of the first differences
of the signal. This approach is closest to ours since it assumes
a Markovian structure. By taking first differences, we subtract
from the current observation the most recent one, which in a
Markov process is the best estimate of the current mean level.
Nevertheless, moving variance methods, either with or without
taking first differences, do not address measurement error. In
comparison, the volatility estimate we propose can be viewed
as the average of several moving variance estimators on the
subsampled and differenced signal. The main advantage of this
framework is the subsampling, which addresses measurement
error in an integrated way. We also believe that for dealing with
measurement error, subsampling is preferable to preprocessing
(e.g., smoothing) because the latter could attenuate the signal’s
variability.

E. Event Detection Algorithm

We conclude this section by presenting an event detection al-
gorithm based on our volatility estimate. We argue that swal-
lowing activity will be reflected in the accelerometry signal as a

surge in its volatility. To capture this effect, we look for peaks in
the estimated volatility. We do this by extracting local maxima
which are above some threshold . This thresholding is used to
discard local maxima from small statistical fluctuations in the
signal. To increase the accuracy of the algorithm, we utilize fur-
ther information about the swallowing process. We know that
the duration of a swallow is fairly short, usually lasting no more
than a couple of seconds. Therefore, the peaks in volatility that
we want to detect must be localized and, consequently, quite
sharp. To quantify the sharpness of the peaks we measure the
curvature of the volatility signal. We do this by estimating the
second derivative of using a kernel smoother, as

(10)

where is op-
timal for estimating second derivatives [20], and and have
the same values as those used for estimating . We use a sim-
ilar thresholding approach to remove peaks which are not sharp
enough. Specifically, we require that the second derivative be
negative and below a certain threshold value, denoted by ,

. To summarize, our algorithm detects an event at time
if the following three conditions are satisfied:
1) the estimated volatility is at a local maximum:

AND ;
2) the estimated volatility is above a certain threshold:

, ;
3) the second derivative of the volatility is below a certain

threshold: , .
The choice of thresholds and depends on the properties
of the event we want to detect, and we discuss this in the next
section. We do not use separate threshold values for the signals
in each of the two directions, but instead we average the volatil-
ities of the two signals and use thresholding on their average
value and its second derivative. We follow this approach be-
cause the variability bursts from swallowing are present in both
directions, and we can thus easily combine their information.
The steps of the algorithm are presented graphically in Fig. 3.
Note that the runtime of the algorithm is of order , where
is the number of observations, and is implemented online. This
is easy to verify, since all of the quantities involved in the al-
gorithm (realized QV , estimated volatility , and its cur-
vature ) are computed in an online fashion, using one-step
updates as new data arrive.

IV. APPLICATION TO DUAL AXIS SWALLOWING

ACCELEROMETRY SIGNALS

We apply our algorithm to dual axis swallowing accelerom-
etry signals from neurologically intact individuals without swal-
lowing difficulties and patients with neurogenic dysphagia. We
begin by presenting an illustrative example of our modeling ap-
proach, followed by a discussion of the implementation details.

A. Illustrative Example

In this section we illustrate the workings of our variability
estimation based on the signal in Fig. 1. We use the signal in
Fig. 1 because it comes from a neurologically intact individual
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Fig. 3. Steps of swallow detection algorithm.

Fig. 4. Realized QV for the signal in Fig. 1 using subsampling with � � ���

(dotted line), � � ��� (solid line), and � � �� (dash-dot line), and without
subsampling (� � �, dashed line). Shaded regions delimit swallows, as identi-
fied by a speech language pathologist.

performing chin-tuck swallows, which allows us to test the ad-
vantages of our proposed methodology in the presence of head
movement. As shown in Fig. 3, the first step is to calculate
the realized QV of the signal. Fig. 4 presents the realized QV
process using the subsampling scheme in (7) for different values
of the parameter , as well as the realized QV without subsam-
pling as in (4). Swallows are delimited by shaded areas. The
plot shows how the use of subsampling can remove the effect of
measurement error and reveal the underlying variability bursts
from swallowing. Even though the value of the QV process
changes with , the locations of the variability bursts are con-
sistent, which shows that the peak detection algorithm is robust
to .

The next step is to estimate volatility with the kernel
smoother in (9). The resulting estimate using a bandwidth of

.5 seconds is shown in Fig. 5 (solid line). For comparison,
Fig. 5 also shows the linearly detrended moving variance
estimator of the same bandwidth (dashed line). Both volatility
and moving variance exhibit peaks during swallowing. How-
ever, while the peaks in volatility are well defined, moving
variance exhibits additional peaks around the actual swallow as
a result of head movement. This demonstrates the ability of our
nonparametric modeling framework to deal with nonstationary
signals.

B. Implementation

While we have outlined the main steps of our algorithm in
Section III-E, we have not yet discussed the choice of the tuning
parameters of the algorithm. This set of parameters consists of
the subsampling frequency , the bandwidth in estimating

Fig. 5. Estimated volatility (solid line) and linearly detrended moving variance
(dashed line) for the signal in Fig. 1. Shaded regions delimit swallows, as iden-
tified by a speech language pathologist.

volatility and its second derivative, and their threshold values
and , respectively, used for swallow detection. To main-

tain consistency and avoid overfitting, we use the same values
for these parameters throughout our application, and for both
neurologically healthy individuals and patients.

First, we select the subsampling parameter used in realized
QV. For each of our signals we get an estimate of the optimal
value from (7), using an initial guess . For choosing we
suggest plotting the realized QV for different values of , as in
Fig. 4, in order to identify a range of values that gives a clear def-
inition of the variability bursts. We then suggest trying a few ini-
tial values in this range, and using the value of that is closest
to its estimated optimum, . For our analysis we tried the ini-
tial values 50, 100, and 150, which gave 111, 115,
and 123, respectively. Thus, the final subsampling parameter in
our algorithm is 115, corresponding to sampling every
11.5 ms. In general, the precise value of is not critical for the
algorithm, so it is not necessary to experiment extensively with

. Next, the choice of the bandwidth of the kernel smoother
is guided by contextual information about swallow durations. A
typical healthy swallow can range from 1 second to more than
3 seconds [21]. We find that a value of .5 seconds, leading
to a 1-second window, is small enough to detect short swallows
and large enough to make estimation robust to statistical error.
Finally, we select thresholds and , used for swallow de-
tection. For volatility we use a threshold of , which is
approximately twice its level at rest. For the second derivative,
we use a threshold of , which means that volatility at
its peak must be at least .5 higher than its value at the edges of
the 1-second window.
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TABLE I
PERFORMANCE OF PROPOSED EVENT DETECTION ALGORITHM AND ALGORITHM IN [10] ON SWALLOWS FROM 20 HEALTHY INDIVIDUALS.

� � NUMBER OF SWALLOWS, STANDARD ERRORS IN PARENTHESES

C. Performance Measures

Before presenting the results of the event detection algorithm
we discuss the performance measures we use. Binary classifi-
cation measures are not applicable to event detection, because
we cannot construct a meaningful contingency table. In par-
ticular, true negatives are ill-defined, because they constitute a
continuum of times where neither a swallow occurs, nor the
algorithm detects one. We can however define the following
quantities:

• True Positives: TP of correctly detected swallows;
• False Negatives: FN of undetected swallows;
• False Positives: FP of incorrectly detected swallows.

Based on these quantities we use the following standard mea-
sures from information retrieval [22], [23] to assess the perfor-
mance of our algorithm.

• Recall:
• Precision:
•

Recall is a measure of completeness, and corresponds to sen-
sitivity in classification. Precision is a measure of fidelity, and
essentially equals one minus the false alarm rate. Recall and
precision are inversely related, so we also use the harmonic av-
erage of the two, to get a combined measure that balances
them. For all three measures, values closer to one indicate better
performance.

V. RESULTS

A. Healthy Subjects

Table I presents results from each type of swallow, as well as
aggregate results. We find that the algorithm achieves on average
more than 90% recall and precision, and an average measure
of 91%. In other words, the algorithm detects nearly all swal-
lows while triggering only very few false alarms. We obtain the
best results for wet swallows, with an measure of 95%. Inter-
estingly, we find that even for the wet chin tuck swallows, the
most challenging case due to the added head movement, both
recall and precision are high, with a measure of nearly 90%.

It is interesting to compare our results with those of the al-
gorithm proposed in [10]. Unlike our online algorithm, the al-
gorithm in [10] is retrospective, and is based on a less flexible
parametric model for the signal, combined with information on
the maximum time between swallows. The right part of Table I
reports the performance of this algorithm on the same data. The
algorithm in [10] yields strong results for dry and wet swallows,

with measures of 95% and 97%, respectively. For wet chin
tucks, the measure drops slightly below 90%.

When directly comparing our algorithm with that proposed
in [10], we find that the results are encouraging. Our algorithm
achieves nearly equal precision on average, with only a small
sacrifice in recall. The difference in the measure is less than
3%. In particular, we observe that for the challenging case of
wet chin tuck swallows, the performance of the two algorithms
is identical in terms of their values.

In summary, we find that our algorithm achieves comparable
performance to the one proposed in [10], while having several
practical advantages. First, our algorithm is lightweight and is
implemented in an online fashion, making it attractive for use
in real-time applications. Specifically, when comparing the run-
time of the two algorithms for the same data, we find that our
algorithm achieves a nearly tenfold improvement (81 s versus
807 s, for processing approximately 30 min of data). Second,
it does not make any parametric assumptions in modeling the
accelerometry signal. In particular, it does not rely on extra in-
formation about the time between swallows. Finally, it proves
to be robust against head movement.

B. Dysphagia Patients

We also apply our algorithm to a second data set from sub-
jects with swallowing disorders. The main difficulty in dealing
with this data is that the conditions of the study were less con-
trolled, leading to two sources of contamination in the measure-
ments. First, the subjects interacted with the clinician adminis-
tering the experiment. In particular, they were prompted to talk
or cough after each swallow in order to check for aspiration, and
they also talked during the experiment to communicate with the
clinician. Second, there were swallows that were not identified
by videofluoroscopy, because the camera would sometimes fail
to capture the cervical region of interest. Fig. 6 shows a sample
segment of the estimated volatility for a particular subject. As
shown in the graph, most of the peaks in volatility were due
to speech. Moreover, we suspect the peak in C to be a missed
swallow due to camera misalignment, because it is immediately
followed by speech.

In order to remove false positives due to speech, we added an
additional step to our swallow detection procedure. We ran an
online speech detection algorithm in parallel to our algorithm, in
order to identify speech segments. The particular algorithm we
used is based on thresholding of the log-energy of the FFT [24].
Whenever the swallow detection algorithm flagged a swallow
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TABLE II
PERFORMANCE OF PROPOSED EVENT DETECTION ALGORITHM AND ALGORITHM IN [10] ON SWALLOWS FROM 37

DYSPHAGIC PATIENTS FROM TWO HOSPITALS. � � NUMBER OF SWALLOWS, STANDARD ERRORS IN PARENTHESES.
VALUES FOR PRECISION AND � REPRESENT LOWER BOUNDS BECAUSE OF THE PRESENCE OF UNIDENTIFIED SWALLOWS

Fig. 6. Estimated volatility from accelerometry signal of patient with dys-
phagia. Shaded regions delimit swallows, as identified by videofluoroscopy.
Dashed lines represent detected swallows from our algorithm: swallow A is
false positive, swallows B and D are true positives, and swallow C is classified
as false positive, although it probably is a true swallow which was missed
by videofluoroscopy. Brackets denote areas of volatility peaks which where
identified as speech by the speech detection algorithm and were eventually
discarded.

that fell within a speech segment, we discarded it as a false pos-
itive. The peaks in the areas below the brackets in Fig. 6 fell
within speech segments. Therefore, any swallows that our algo-
rithm would find based on these peaks were discarded.

There were coughs and some true swallows that were not
marked by the speech language pathologist during videofluoro-
scopic review. Unfortunately, our algorithm cannot distinguish
between these unmarked events and the identified swallows. As
a result, the false positive rate of our algorithm is artificially
inflated. Hence, when reporting the results of our algorithm in
Table II, the precision and measure represent lower bounds
of the actual values. Clearly from a practical standpoint, a di-
agnostic device with low precision would generate excessive
false alarms. Nonetheless, the reader should be reminded that
in this paper we have only discussed detection in isolation. Ulti-
mately, a diagnostic medical device for dysphagia would neces-
sarily include modules for removing nonswallowing events such
as speech and coughs. In such case, we would expect the preci-
sion of the event detection algorithm to be greatly improved.

We observe that the recall of our algorithm is still very high,
with an average value of 86%. This means that the large majority
of swallows identified by videofluoroscopy were correctly de-
tected. While we cannot give exact numbers for precision and

measure, for the reasons stated above, the estimated lower

bounds are, respectively, 40% and 55%. This means that the
false positive rate of our algorithm is less than 60%. Moreover,
when comparing with the algorithm in [10], we find that our
algorithm delivers drastic improvements in recall (more than
a factor of 2 increase), and significant increase in the lower
bounds on the measure.

VI. CONCLUSION

We have modeled the swallow accelerometry signal as a
flexible, nonparametric stochastic process. Using volatility es-
timates based on this model, we have developed an online event
detector for isolating swallowing activity. Tests with healthy
swallowing signals indicate that our detector yields high rates
of recall and precision even in the presence of excessive head
motion. Our detector also achieved high recall with patient
swallowing data, but our analysis could only provide a lower
bound for precision given the presence of swallows not labeled
by the gold standard. The proposed event detection method
could be applied to other biomechanical studies involving multi
axis accelerometry.
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