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Abstract—This paper shows the feasibility of fluid intake esti-
mation using earphone sensors, which are gaining in popularity.
Fluid consumption estimation has a number of healthcare-related
applications in tracking dehydration and overhydration which
can be connected to issues in fatigue, irritability, high blood pres-
sure, kidney stones, etc. Therefore, accurate tracking of hydration
levels not only has direct benefits to users in preventing such
disorders but also offers diagnostic information to healthcare
providers. Towards this end, this paper employs a voice pick-
up microphone that captures body vibrations during fluid con-
sumption directly from skin contact and body conduction. This
results in the extraction of stronger signals while being immune
to ambient environmental noise. However, the main challenge
for accurate estimation is the lack of availability of large-scale
training datasets to train machine learning models (ML). To
address the challenge, this paper designs robust ML models
based on techniques in data augmentation and semi-supervised
learning. Extensive user study with 12 users shows a per-swallow
volume estimation accuracy of 3.35 mL (= 19.17% error) and
a cumulative error of 3.26% over an entire bottle, while being
robust to body motion, container type, liquid temperature, sensor
position, etc. The ML models are implemented on smartphones
with low power consumption and latency.

I. INTRODUCTION

Sufficient hydration is essential for blood circulation,
metabolism, temperature regulation, and overall smooth func-
tioning of the human body. However, several surveys have
indicated that 50-75% of people can have a net fluid loss (fluid
intake is lesser than fluid release), thus leading to chronic
dehydration over time [6f, [8]. While short-term effects of
dehydration include fatigue, foggy memory, irritability, etc.,
[15], [38]] long-term effects due to chronic dehydration can
lead to high blood pressure, kidney stones, etc. This can lead to
further complications depending on the condition of the body
[7]]. Proper hydration levels improve cognitive performance
and mood [81] while sustaining an overall healthy lifestyle in
the long run.

Towards detecting dehydration and alerting users, this paper
presents a system called LiquidMeter, which shows the feasi-
bility of estimating the volume of fluid intake by exploiting
earphone sensors that are gaining in popularity with an ex-
pectation to reach a $45.7 billion market by 2026 [35]. At a
high level, LiquidMeter performs drinking volume estimation
by analyzing body sounds during drinking by using bone
conduction microphones in the earphones, detailed in Sec.
as Voice-pickup-units (VPU). As the fluid is swallowed, the
fluid’s motion and the opening and closing of the esophagus
(food pipe) for letting the fluid into the stomach will produce
acoustic vibrations. These vibrations propagate through the

skull, captured in the ears through earphone VPU. In contrast
to an ordinary microphone, the VPU measures vibrations
directly from a solid surface, thus resulting in a stronger
reception and isolation from external noise and interference.

Motivated by the need for monitoring hydration levels, fluid
intake monitoring is an active area of research [28]]. Vision-
based approaches [19], [27] are prevalent in monitoring activ-
ities of daily living, including drinking detection. Similarly,
smartwatch sensors have also been employed for detecting
activities related to drinking vs. eating classification [41], [46],
[77]. Smart surfaces that use load cells, pressure sensors, etc.,
can monitor liquid and food intake when the container is
placed on them before and after drinking [61]], [76], [83].
Finally, smart containers that utilize capacitive, conductive,
pressure, radar sensors, etc., can estimate the drinking volume
for fluids consumed with the container [40], [48]], [65].

In contrast to prior works, LiquidMeter provides the follow-
ing advantages: (i) Sensing by vision-based approaches can
be limited to the camera’s view and be susceptible to light-
ing, resolution, and occlusions. In contrast, LiquidMeter uses
earphone sensors which can be ubiquitous without limitations
on the range of sensing, lighting, or occlusions. (ii) Solutions
based on smartwatch devices can mainly detect the action of
drinking. The volume estimation is limited to special cases
where the user stays still while drinking, and the bottle has
to be placed on a flat surface before and after drinking. In
contrast, LiquidMeter works under adhoc and natural condi-
tions, including body and head motion. (iii) Solutions based on
smart surfaces or smart containers work under specific settings
of having a specialized surface or drinking using a particular
container. In contrast, LiquidMeter’s solution works on any
surface or container since the sensing is done directly on the
human body.

Estimation of fluid consumption volume with earphone sen-
sors is challenging for many reasons: (i) Because of the nature
of the biological process involved during fluid consumption,
sound generation, and its propagation through the face, the
relationship between the fluid consumption volume and its
acoustic fingerprint can be complex. While machine learning
(ML) algorithms can be used to learn this relationship, the
training data is limited. Unlike vision and speech domains,
there are no large-scale training datasets for the relatively new
earphone VPU sensors, or wearable devices [56]. (i) While
LiquidMeter designs synthetic training data to address the
above challenge, such data is unlabelled (elaborated in Sec.
[[V-B). (iii) The drinking activity and its acoustic fingerprint
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Overview of LiguidMeter: The vibration data from earphones is first used for identifying drinking activity. Drinking related vibration data is combined

with data augmentation and semi-supervised learning (teacher-student training) for accurate estimation of the volume of fluid intake with limited training data

can vary across users because of diversity in body sizes,
drinking characteristics, etc. (iv) Drinking activities need to be
separated from non-drinking activities such as eating, speak-
ing, etc. (v) The choice of earphone sensors in LiquidMeter
must ensure robustness to external noise and interference.

Enumerated below, LiquidMeter exploits a combination of
algorithmic and systems-based opportunities to tackle the
above challenges. (i) LiquidMeter designs data augmentation
techniques to transform the limited real data into several
samples of synthetic training data by creating variations in
pitch, introducing time-shifts, and adding noise. (ii) While
the augmented synthetic data may not retain the original
labels, LiquidMeter designs ML models based on teacher-
student learning strategies to train efficiently with unlabelled
synthetic data. (iii) LiquidMeter exploits techniques in domain
adaptation for customizing a pre-trained model on other users
for a new user. While pretraining helps quickly generate a
base model for the new user, domain adaptation will fine-tune
the model to customize it to a specific user. (iv) LiquidMeter
first performs classification of the activity (eating vs. drinking
vs. speaking) and triggers the ML model for drinking volume
estimation only when a drinking activity is detected. (v)
LiquidMeter uses bone conduction microphones in contrast to
ordinary microphones. This provides isolation from external
noise since these microphones have to be in contact with a
vibrating surface to detect the sound.

The overall architecture of LiquidMeter is depicted in Fig.
[[] The VPU data from earphones is first used for isolating
drinking activity from other activities such as eating, speaking,
etc. When a drinking activity is detected, the ML modules for
drinking volume estimation are triggered. These models are
trained by exploiting ideas in data augmentation, and semi-

supervised learning to handle the challenge of limited training
data. Finally, domain adaptation is done on the model thus
trained to handle user diversity.

LiquidMeter uses two earphone sensors developed by So-
nion. The earphones are embedded with special microphones
that can detect vibrations directly from the ear’s surface
through which the body sound can be captured. The ML mod-
els are implemented on smartphones using TensorFlowLite.
Evaluated over 6 categories of liquids known to account for ~
85% of fluid consumption [33]], the error in volume estimation
during each swallow instance is about 19:17%, whereas the
cumulative error over an entire bottle of liquid is around 3.26%
(details in Sec. M) Furthermore, our experiments validate
robustness to natural variation in earphone wearing positions,
body and head motion, ambient acoustic interference, temper-
ature of the fluid, container-type, etc. Therefore, we believe
LiquidMeter offers a practical solution.

Considering the above possibilities, we summarize Liquid-
Meter’s contributions below: (i) Estimation of liquid intake
volume using off-the-shelf earphones under natural and adhoc
conditions. (ii) Design of ML models based on data aug-
mentation and student-teacher learning to work with limited
training data. (iii) Extensive user study across different liquids,
container types, temperature, body-motion, etc to validate the
feasibility of the system. (iv) Implementation on embedded
devices with low latency and power consumption.

II. BACKGROUND

We will begin with a brief background on the biological
process of swallowing activity and sound generation.

Swallowing food, fluids, and saliva is an essential life-
sustaining activity like breathing. Humans swallow 500-700



Fig. 2. (a) Flow of contents during human swallowing. Source of image [36]
(b) Posterior tongue and hyoid bone can help people to swallow. Source of
image [2]

. . . . . . Fig. 3. Bone conduction. Source of image [67]
times per day, including 3 times per hour while sleeping

and even more while awake [69]. Fig. 2(a) depicts the owudwig Van Beethoven, a great composer was known to
of contents (uid/food) during swallowing. The three stageattach a rod between the piano and his head to exploit bone
involved in the process are: @ral Stage:The food is chewed conduction to aid his hearing after he was diagnosed with a
by the posterior tongue, including support from the hyoid borearing loss [59]. We will exploit the bone conduction path
(tongue bone) depicted in Fig. 2(b). The food is convertgdr picking up body sounds during uid intake because of
into a paste form calledolus whereas, in the case of uids, its higher quality and robustness to external noise, especially
chewing may not be needed as it is already in the desired forghen uids are consumed in spaces with high noise such as
(i) Pharyngeal stagetiere, thearynx (voice box) moves, and restaurants, industrial settings, travel (train, plane), etc.
the epiglottiscloses with the sole aim of preventing the bolus Fig.4 depicts our platform from Sonion [68] which consists
from entering the windpipe. Thieyoid bone now elevates, andof a voice pick-up (VPU) bone sensor. The VPU consists of
cricopharynx opens to force the bolus into the food pipe. (iid microphone (INVN ICS-40619 [3]) in low power mode.
Esophageal StageMuscular contractions of thesophagus A mass-spring is connected to the microphone at its audio
(food pipe) will now propel the bolus into the stomach. Finallyport. The role of the mass-spring is to pick up the bone-
the larynx and theepiglottiswill resume their resting position conducted sound which is much stronger than air-conducted
to prepare for the next swallowing bout [10], [45]. sound. Fig.5 depicts the amplitude of captured vibrations for
The above three stages generate acoustic vibrations chhg utterance of “Let's grab a drink” with a VPU and an
acterized as follows: (i) During th@haryngeal stagethe ordinary microphone with a light membrane. Evidently, the
opening of the cricopharynx to force bolus motion into thgPU can capture stronger vibrations.
esophagus creates initial discrete sounds (IDS). (ii) During
the esophageal stagea gurgling sound is produced due to
the motion of the bolus in the esophagus called bolus trans-
mission sounds (BTS). (iii) Sometimes, a nal discrete sound
(FDS) might be generated as the bolus reaches the stomach
[10]. LiquidMeters ML models extract features predictive of
volume consumed from such sounds. Although the acoustic
pattern might vary across people, the typical intensity during
swallowing of a uid varies between 28-62 dB, whereas the
frequency varies between 660-1170 Hz [29]. This property is
exploited for performing data augmentation (Sec. IV-A).

Fig. 4. VPU with and without additional mass-spring

IIl. PLATFORM DESCRIPTION

We now discuss the detection of the generated sound on
earphones via bone conduction using our platform. We begin
by describing the hearing activity, and the role of bone con-
duction [44]. A spoken sound, will travel through the air and
reach the eardrums (depicted as air conduction in Fig. 3). Here,
the cochleawill convert the acoustic vibrations into electrical
impulses to be processed by the brain [18]. In addition to air Fig. 6 depicts an example of raw audio captured by the VPU
conduction, the gure also depicts a bone conduction patbensor when a user drank 18.43 mL of water. The patterns,
through which the sound can reach the cochlea and eventudids, BTS, and FDS discussed earlier can be clearly seen.
be converted into electrical impulses reaching the brain [1TJiquidMeters technical modules discussed next will convert

Fig. 5. Noisy Environment: (a) VPU data (b) Microphone data



this raw audio into an estimation of the volume of uidGiven an instance of drinking sound, we change the pitch [4]

consumed. randomly so as to emulate the generation of a similar drinking
activity by a different person, thereby creating more training
examples. Fig. 7(c) shows an augmented version of the signal
in Fig. 7(a) based on changing the pitch.

Noise Augmentation: We add white gaussian noise to
audio samples to create augmented versions of the data. The
noise variance is chosen so that the signal-to-noise ratio (SNR)
of the original audio degrades from about 40 to 35 dB.
Fig. 7(d) shows an augmented version of the signal in Fig.
7(a) based on noise addition. The semi-supervised learning
strategies discussed next will build on these data augmentation

. o . _ techniques.
Fig. 6. Raw drinking data showing swallowing stages

B. Semi-Supervised Learning with Teacher Student Training

IV. TECHNICAL MODULES Building on the data augmentation techniques discussed

In this section, we discuss ideas for estimating the volunadove, LiquidMeter designs ML models based aeacher-
of the liquid consumed based on the sound pattern capturedsydentlearning to ef ciently train ML models with limited
the earphones. Because of the nature of the biological proctieining data. Teacher-Student learning is an active area with a
involved during uid consumption, sound generation, and itsumber of applications in improving the ef ciency of training.
propagation through the face, the relationship between theavy ML models can be compressed to run ef ciently on
uid consumption volume and its acoustic ngerprint can beembedded devices like smartphones through knowledge distil-
complex. Therefore, we design ML models to automaticalkation [58], [74]. Image recognition performance on ImageNet
extract the relationship. However, the success of ML modeigd COCO datasets can be enhanced [78], [85]. Distant speech
depends on the availability of large quantities of trainingecognition and beamforming techniques also reap benets
datasets. Unlike vision and speech domains, there are no lafg&]. At a high level,LiquidMeters ML models are inspired
scale training datasets for the relatively new earphone VAW these works. However, the feature representations, network
sensors, or wearable devices [56]. Given the lack of availabili@ychitectures, data augmentation techniques, etc, have been
of such training datasets, we exploit opportunitiesdiata designed carefully to suit our problem domain.
augmentationand semi-supervised learningn achieving a  The high-level architecture is depicted in Fig. 8 (i) We
sweet spot in the trade-off between accuracy and trainirfgt collect small-scale real data by conducting a user study.
overhead. We expand on various modules in the high-ledgsing this, we train a smaller ML model (teach&tpdel 1

architecture in Fig. 1. in Fig. 8) with fewer parameters. While thieachercan learn
) from small training data, the accuracy of such a model can be
A. Data Augmentation very limited. (ii) Next, we use data augmentation techniques

Towards handling the challenge of limited training datajiscussed in Sec. IV-A to expand the real data into synthetic
we generate synthetic training data by designing a numberdzfta which is 10 times more than the real data. However,
transformations to small-scale real training data. The specithe data augmentation techniques do not necessarily preserve
data augmentatiortechniques for performing such transforthe original labels (particularly with changes to pitch and
mations are discussed below. noise addition) from which a corresponding synthetic data was

Temporal Shift: The ML model accepts 0.75 seconds o€reated. Therefore, the synthetic data thus generated is treated
audio from the earphone as the input. We create additiorza unlabelled data. (ii) We generated pseudo labels for the
input instances by shifting the audio randomly by 0-0.16nlabelled synthetic data using theachermodel. (iv) We
seconds towards the righiaét forwarg or left (rewind). With now train a larger ML model (studeniModel 2 in Fig. 8)
fast forward we add a few seconds of noise at the beginning by combining the synthetic data (with pseudo labels) and the
the input instance, whereas witkwind we add a few secondsreal data with original labels. While the pseudo labels might be
of noise at the end. Alternatively, the noise in the originaloisy, the student network is expected to have higher accuracy
recording will also do as well as explicitly adding noise at ththan the teacher for many reasons: (a) Higher network capacity
beginning or end. This creates alternative instances of the ing The training includes a combination of original labels and
where the swallow event happens at a slightly different instattie pseudo labels, thus providing an overall larger dataset
of time (since the drink was taken into the mouth) than tHer training. Despite being noisy, our empirical observation is
original input instance. Fig. 7(b) shows an augmented versitrat the pseudo labels are still informative enough to improve
of the signal in Fig. 7(a) based on time-shifting. the overall learning process. (c) The pseudo labels with low

Changing Pitch: The pitch of a sound is related to thecon dence are discarded. (v) Theudentnetwork developed
perception of the frequency of the sound by the human ear. Tdlwove can be used as teacher network for performing
pitch of the sound can vary across, gender, age, and persamother iteration of teacher-student learning so as to achieve a
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