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Abstract Acoustic monitoring of swallow frequency has

become important as the frequency of spontaneous swallow-

ing can be an index for dysphagia and related complications.

In addition, it can be employed as an objective quantification

of ingestive behavior. Commonly, swallowing complications

are manually detected using videofluoroscopy recordings,

which require expensive equipment and exposure to radiation.

In this study, a noninvasive automated technique is proposed

that uses breath and swallowing recordings obtained via a

microphone located over the laryngopharynx. Nonlinear

diffusion filters were used in which a scale-space decompo-

sition of recorded sound at different levels extract swallows

from breath sounds and artifacts. This technique was com-

pared to manual detection of swallows using acoustic signals

on a sample of 34 subjects with Parkinson’s disease. A speech

language pathologist identified five subjects who showed

aspiration during the videofluoroscopic swallowing study.

The proposed automated method identified swallows with a

sensitivity of 86.67 %, a specificity of 77.50 %, and an

accuracy of 82.35 %. These results indicate the validity of

automated acoustic recognition of swallowing as a fast and

efficient approach to objectively estimate spontaneous swal-

low frequency.
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Introduction

Swallowing is one of the most complicated and integrated

mechanisms that the human body performs. The gold

standard for swallowing evaluation is videofluoroscopy,

which allows the visualization of recorded swallows for a

more precise diagnosis. However, this procedure involves

expensive equipment, can be carried out only in a clinical

setting, and requires radiation exposure which limits its

duration. Acoustic means have been proposed as a nonin-

vasive method for swallowing analysis. Microphones and/

or accelerometers are used to record breath and swallowing

sounds, which are then analyzed using digital signal pro-

cessing techniques. The research on using swallowing

sounds to supplement the clinical evaluation of dysphagia

has shown promising results [1–5].
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A model to explain swallowing sound generation has

been proposed by Yadollahi and Moussavi [6]. The model

simulates the physiological causes of swallowing sounds

and indicates the pharyngeal wall characteristics. In later

studies, modifications to the mathematical modeling were

presented and evaluated based on their application for

diagnosing swallowing disorder (dysphagia) [7, 8].

Swallowing sounds can be manually distinguished from

breath sounds by auditory means, which is time-consuming

and subjective. As such, automated detection algorithms

have been reported [1, 9–15]. In the report by Makeyev

et al. [9], an algorithm based on multilayer feed forward

neural networks was proposed for decomposing tracheal

sounds into swallowing and respiratory sound segments. In

other reports [10–15], tracheal sound signal features were

used to classify a tracheal sound segment as either a

swallowing sound or a breath sound.

Swallowing fulfills two important needs: oral ingestion

of food and liquid and pharyngeal clearance [16]. How-

ever, in all of the above-mentioned studies, subjects were

fed in order to swallow. Crary et al. [16] have shown that

an isolated acoustic recording technique is a suitable

approach for measuring spontaneous swallow frequency.

Changes in spontaneous swallow frequency may be a

susceptible indicator of swallowing dysfunctions [16].

Frequency of swallowing has also been studied for objec-

tive quantification of ingestive behavior [11, 17, 18]. In the

latter works, sensors were placed in a wearable monitoring

device and chewing and swallowing patterns of partici-

pants were registered. Swallowing sounds were recorded

using a microphone located over the laryngopharynx. In

Sazonov et al. [17], the sounds were detected manually;

however, the same data were used in a later study to

implement automatic detection. The manual scores of

chews and swallows were used as the gold standard to train

automatic machine-learning software.

As machine-learning algorithms need a training phase,

they make sustained learning difficult. In general, machine-

learning techniques are data oriented: they model the

relationships enclosed in the training data set. If the

training data set is not a legitimate representation of the

problem domain, the resulting model may differ from the

actual problem domain [19].

During the last decade, nonlinear diffusion filters

(NLDF) became a solid and well-established tool in signal

and image analysis. Using a priori knowledge, these

models simplify images while preserving and enhancing

semantically important information such as edges, lines, or

flow-like structures [20].

The purpose of this study was to develop an automatic

robust method for the detection of spontaneous swallows

from the sound signal recorded over the laryngopharynx.

This method can be used for automatic detection of swal-

lowing frequency in the future.

Method

Data

Data were collected from 34 subjects (19 males) who had

Parkinson’s disease (PD) (age = 59.85 ± 11.46 years).

They were referred for videofluoroscopy swallow study

(VFSS) assessment as part of their routine medical care.

Patients’ demographic data, including age, sex, time from

commencement of disease, and the Hoehen and Yahr (HY)

scale score showing PD stage, were collected via an

informed interview. The study has been approved by the

Biomedical Ethics Board of Isfahan University of Medical

Sciences and all subjects or their legal guardian signed a

consent form to participate in the experiments. Two tests

were performed on each subject: sound recording and

oropharyngeal videofluoroscopy. The two tests were per-

formed independently, with the videofluoroscopy study

used to validate which subjects suffered from aspiration in

general.

Acoustic Recording Study

The acoustic recording was conducted in the fluoroscopy

room, which was at 24�C and had indoor lighting. Ambient

noise was minimized during the recordings. Swallowing

sounds were recorded via microphone (C417 omnidirec-

tional condenser lavalier microphone, AKG Acoustics,

Austria) connected to a portable digital sound recorder

(Edirol R-44, Japan).The microphone was fixed at the

center of a 1.5-cm-diameter rubber piece. The rubber piece

was attached to the skin surface using double-sided adhe-

sive tape. The recorder amplified and digitized the sound

signal at a sampling rate of 44.1 kHz. The microphone was

placed over the laryngopharynx for 15 min while the

subject was in a seated position and watched a nature

movie. Spontaneous swallows that were registered were

innate saliva swallows and no food was used in this test.

The number of swallows that each subject performed var-

ied within the 15-min period. All data recordings were

carried out by a speech language pathologist (SLP) and a

biomedical engineer.

Videofluoroscopy Swallowing Study (VFSS)

VFSS was used as it is considered the gold standard for

evaluating swallowing disorders. The subjects’ videofluo-

roscopy recordings were analyzed to identify aspirations to
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compare with the acoustic signal’s characteristics of the

same subjects.

Considering VFSS results along with the recorded sound

signals aids in the development of the relationship between

the acoustic signal’s characteristics and the physiology of

swallowing. This leads to a better design of sound signal

analysis steps for swallowing detection. For example, dif-

ferent models may be required for the aspirated versus

nonaspirated group. However, our hypothesis was that

swallowing detection could be done effectively with a

single model.

During the VFSS swallow evaluations, at least four

bolus types were administered: 5 ml of thin liquid from a

spoon, thin liquid from a cup, 5 ml of a semisolid (pud-

ding) from a spoon, and a cookie. Patients were directed to

sit in a posture similar to when they eat their regular food.

Subjects were imaged in the lateral projection. An SLP

who was trained in administering and interpreting VFSS

results evaluated and classified them as aspirated or non-

aspirated. Results are shown in Table 1.

To find interrater reliability, 22 of the VFSS results were

assessed again by a radiologist who is expert in evaluating

VFSS results.

Swallowing Detection

For calculation purposes in MatLab, the sound signal was

segmented into 20 intervals of 45 s. For each interval, a

spectrogram of the signal was computed using a hamming

window and taking the Fourier transform (FFT) (Fig. 1). A

single judge labeled the sound intervals of each subject’s

signal as either a swallow segment or a nonswallow seg-

ment by listening to the audio signal and simultaneously

reviewing its visual representation shown in the spectro-

gram. This identification was set as the reference point. To

be consistent, for each subject, a 45-s interval of each

recording that included at least one swallow was used as a

swallow segment, and one 45-s interval of the same subject

that did not include any swallows was considered a non-

swallow segment.

The spectrogram image was then filtered by NLDF,

which builds a smoother image in grayscale (Fig. 2). This

filter makes the swallows stronger while decreasing the

effect of breath sound and noise. Suppose that the gray-

Table 1 VFS results for 34 patients

Patient

No.

Age

(years)

Gender Hoehn-

Yahrstage

(HY)

Time from

start of PD

(years)

VFS result

1 58 F 1 9 Nonaspirated

2 61 M 1 – Aspirated

3 71 M 1 2 Nonaspirated

4 65 F 2 12 Nonaspirated

5 72 F 1 – Nonaspirated

6 70 M 1 18 Nonaspirated

7 46 F 1 8 Nonaspirated

8 58 F 3 4 Aspirated

9 60 F 2 6 Nonaspirated

10 61 M 2 – Nonaspirated

11 76 F 4 8 Aspirated

12 30 F 2 – Nonaspirated

13 63 M 1 2 Nonaspirated

14 70 M 3 2 Nonaspirated

15 58 M 1 1 Nonaspirated

16 35 M 2 9 Nonaspirated

17 79 F 2 5 Nonaspirated

18 60 F 1 1 Nonaspirated

19 61 M 1 2 Nonaspirated

20 61 M 1 3 Nonaspirated

21 57 M 2 6 Nonaspirated

22 71 M 1 2 Nonaspirated

23 79 F 4 2 Nonaspirated

24 68 F 4 – Nonaspirated

25 56 M 1 – Nonaspirated

26 60 M 2 – Aspirated

27 36 F 2 12 Nonaspirated

28 58 M 2 1 Nonaspirated

29 58 M 2 3 Nonaspirated

30 51 M 2 2 Nonaspirated

31 50 M 2 4 Nonaspirated

32 62 F 2 4 Nonaspirated

33 65 M 2 – Aspirated

34 49 F 2 3 Nonaspirated

Dash (–) means data are missing
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Fig. 1 Sound spectrum
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scale image is presented by the matrix A(T,F), where T is

the vector containing the time samples and F is the vector

of frequencies. Each element of the matrix has a value that

determines its gray level (Fig. 2).

To find swallows, at each time sample t, we obtained

s ¼
Xf¼fmax

f¼fmin

Aðt; f Þ

Swallows could be easily classified by setting a threshold

for each vector of S. If part of the signal was noisy, it often led

to a false-positive detection. Four different frequency ranges

of the spectrum were selected as fmin and fmax to calculate

S (Table 2). Figure 3 shows the analysis steps.

Subjects provided a total of 34 swallow segments with 48

swallows and 34 nonswallow segments. To calculate the

accuracy, specificity, and sensitivity, true positives were

defined as the segments marked as swallow, and true negatives

as the nonswallow segments. Sensitivity, specificity, and

accuracy were calculated for each frequency range separately.

Results

The frequency range of 150–450 Hz led to the highest

sensitivity of detection for spontaneous swallows, 86.67 %,

and the highest specificity, 77.50 %, with an accuracy of

82.35 %. Five subjects showed signs of aspiration on VFSS

evaluation. Table 1 gives the VFSS results for the 34

subjects, along with a description of the data. The Mann–

Whitney test showed no significant differences between

individuals with or without aspiration in terms of HY

stage(p = 0.168 [ 0.05), age (p = 0.421 [ 0.05), and

gender (p = 0.843 [ 0.05).

Mean interrater measurement of reliability percentage

for judgment of VFSS results was 96 % based on the in-

teritem correlation (ICC) matrix.

Discussion

This study investigated the automatic detection of sponta-

neous swallows by acoustical means. In voluntary swal-

lowing, perioral, lingual, and submental striated muscles

activate in a coordinated fashion in the oral phase. How-

ever, in spontaneous swallowing, the oral phase is bypassed

most of the time [21]. Therefore, the sound signal is shorter

and more abstract compared to data of previous studies on

automatic detection of swallowing events. In fact, VFSS is

not a suitable tool for evaluation of spontaneous swallows,

as the administration of food or fluid, or the instruction to

swallow, does not maintain the natural swallow frequency.

One of the major strengths of the current study was that it

was designed to record innate spontaneous swallows from

subjects in a relaxed setting.

The proposed method’s accuracy for detecting swallows

was 82.35 %, which is comparable to that of a similar

study [11]. The Sazonov et al. [11] approach consisted of a

machine-learning method: support vector machines

(SVM), which included training and threefold cross vali-

dation. The advantage of the proposed method was that

there is no need for training and it does not depend directly

on the recorded data. Consequently, this method was less

costly and more time efficient. Our dataset consisted of

people with normal VFSS results, as well as people clas-

sified as ‘‘aspirated’’ based on VFSS results (PD patients at

different stages of the disease). Due to the small number of

subjects, accuracy, sensitivity, and specificity were not

calculated for different demographic groups. In future

works, using larger datasets, data could be first divided into

different groups based on age, gender, HY, time from the

start of disease, and VFSS results (aspirated or nonaspi-

rated).Accuracy, sensitivity, and specificity could then be

measured independently for each group to determine if the

Fig. 2 Gray-scale image of spectrum

Table 2 Frequency ranges

fmin (Hz) fmax (Hz)

50 300

150 450

50 600

300 600

MatLab NLDF Classification
sound spectrumsound signal gray-scale image 

Fig. 3 Diagram of analysis steps
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algorithm performs consistently across various cases.

Segmenting the data into groups may obtain better results

as a more specific threshold could be set in the classifica-

tion stage, allowing the algorithm to be calibrated inde-

pendently each time.

In the Sazonov et al. study [11], the sound recording was

split into a series of overlapping epochs with an optimal

duration. Optimal epoch duration was determined in a grid

search procedure from a set of four values: 3, 1.5, 0.75, and

0.375 s. Processing each epoch led to a feature vector. The

classifier took the feature vector corresponding to each

epoch as input and gave a predicted class label as output.

For manual labeling of epochs, if any part of the epoch

belonged to a manually marked swallow, it was labeled as

a swallow epoch; otherwise it was considered a nonswal-

low epoch. As predicted, class labels represented the

accuracy of the classifier on an epoch level, and a con-

version from the epochs to swallowing events was done

using manual scores and automatic scores together [11]. In

the current study, swallow segments and nonswallow seg-

ments were both 45-s intervals and predicted class labels

were calculated directly. Therefore, this study designed a

more robust procedure for obtaining measures of perfor-

mance of the swallow detection test.

A limitation of the current study was the need to have a

quiet environment. If recording included noise originating

from talking, body movements, occasional intrinsic sounds

(e.g., coughing), and background noise of different sources,

a more complicated algorithm would be needed.

During acoustic recording, breath sounds as well as

swallowing sounds were recorded. This could be consid-

ered an advantage of the proposed approach. Coordination

of deglutition and breathing is crucial for normal pharyn-

geal function and maintenance of airway protection. Many

structures and muscles perform dual functions in respira-

tion and swallowing [22–24]. Hårdemark Cedborg et al.

[22] reported on a new instrument, a bidirectional gas flow

indicator, to detect airflow during swallowing. The indi-

cator was used to study the coordination of deglutition with

breathing in six normal people spontaneously swallowing

while breathing air and hypercapnic gas [23]. However,

with acoustical recording there is no need to use another

tool for airflow, as flow has been shown to have a direct

relationship with respiratory sound. Consequently, airflow

can be estimated from the respiratory sounds [25, 26]. The

sound signals recorded in this study clearly contained

respiratory sounds which could be used for flow calculation

and analysis. However, a more accurate method would be

to use two microphones and simultaneously record the

respiratory sounds at the suprasternal notch [25, 26] and the

swallowing sounds at the laryngopharynx. These sets of

data can be used to investigate the interaction between

breathing and swallowing, changes in respiratory cycle

durations surrounding the swallow, and the relationship of

breathing and swallowing coordination with the overall

swallowing problems of different patient populations with

dysphagia [24]. Furthermore, by investigating breathing–

swallowing phase relationships and temporal characteris-

tics of swallow apnea, the clinical relevance of integrated

breathing–swallowing function on the health and nutrition

of dysphagic patients or patients with pulmonary problems

[24] could be ascertained. Also of relevance would be a

study to see if the increased demand to breathe leads to

more swallows during inspiration and/or expiration.

Spontaneous swallow frequency may be a sensitive

index for dysphagia and related incidences [16]. It is

reported in Crary et al. [27, 28] that spontaneous swallow

frequency is a strong indicator of dysphagia in acute stroke.

Frequency of swallowing can be studied also for objective

quantification of ingestive behavior [11, 17, 18]. In

implementing this device, patient care and safety could be

improved and would potentially save both time and clinical

workflow.

Two main categories of devices in which our method

could be incorporated are continuous high-acuity and

periodic low-acuity devices. Continuous high-acuity devi-

ces are used when patients are in a critical state and need

continuous monitoring and the use of biomedical devices.

The data are processed from this environment and sent to

the electronic medical record (EMR) and validation is

completed by the nurse. Periodic low-acuity devices are

used when the patient’s assessment information is collected

periodically to evaluate the patient’s condition. These data

are also sent to the EMR [29]. The automatic evaluation of

swallowing with our proposed method requires no time

limit and needs no extra workflow. Therefore, it helps with

the continuous monitoring of a patient’s state in high-

acuity areas. The tool could also be adjusted to automati-

cally report regular assessments of patients in low-acuity

areas.
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