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Abstract—This paper shows the feasibility of uid intake esti- ~ skull, captured in the ears through earphone VPU. In contrast
mation using earphone sensors, which are gaining in popularity. to an ordinary microphone, the VPU measures vibrations
Fluid consumption estimation has a number of healthcare-related directly from a solid surface, thus resulting in a stronger

applications in tracking dehydration and overhydration which fi d isolation f t | noi d interf
can be connected to issues in fatigue, irritability, high blood pres- reception and isolation irom external noise and interierence.

sure, kidney stones, etc. Therefore, accurate tracking of hydration ~ Motivated by the need for monitoring hydration levels, uid
levels not only has direct benets to users in preventing such intake monitoring is an active area of research [28]. Vision-

disorders but also offers diagnostic information to healthcare pased approaches [19], [27] are prevalent in monitoring activ-
providers. Towards this end, this paper employs a voice pick- jties of daily living, including drinking detection. Similarly,

up microphone that captures body vibrations during uid con- watch h Iso b | d for detecti
sumption directly from skin contact and body conduction. This Smartwalch sensors have aiso been employed Tor detecting

results in the extraction of stronger signals while being immune activities related to drinking vs. eating classi cation [41], [46],
to ambient environmental noise. However, the main challenge [77]. Smart surfaces that use load cells, pressure sensors, etc.,

for accurate estimation is the lack of availability of large-scale can monitor liquid and food intake when the container is
training datasets to train machine learning models (ML). To placed on them before and after drinking [61], [76], [83].

address the challenge, this paper designs robust ML models Finall t tai that utili iti ducti
based on techniques in data augmentation and semi-supervised inafly, smart containers that utilize capacitive, conductive,

learning. Extensive user study with 12 users shows a per-swallow Pressure, radar sensors, etc., can estimate the drinking volume
volume estimation accuracy of 3.35 mL ( 19.17% error) and for uids consumed with the container [40], [48], [65].

a cumulative error of 3.26% over an entire bottle, while being In contrast to prior works., iquidMeterprovides the follow-
robl_Jst to body motion, container type, liquid temperature, sensor ing advantages: (i) Sensing by vision-based approaches can
position, etc. The ML models are implemented on smartphones be limited to the camera's view and be susceptible to light-
with low power consumption and latency. ; : i o
ing, resolution, and occlusions. In contrasijuidMeter uses
. INTRODUCTION earphone sensors which can be ubiquitous without limitations
Suf cient hydration is essential for blood circulation,on the range of sensing, lighting, or occlusions. (ii) Solutions
metabolism, temperature regulation, and overall smooth furzased on smartwatch devices can mainly detect the action of
tioning of the human body. However, several surveys hadeinking. The volume estimation is limited to special cases
indicated that 50-75% of people can have a net uid loss ( uigdvhere the user staystill while drinking, and the bottle has
intake is lesser than uid release), thus leading to chronio be placed on a at surface before and after drinking. In
dehydration over time [6], [8]. While short-term effects oftontrast,LiquidMeter works under adhoc and natural condi-
dehydration include fatigue, foggy memory, irritability, etc.tions, including body and head motion. (iii) Solutions based on
[15], [38] long-term effects due to chronic dehydration casmart surfaces or smart containers work under speci ¢ settings
lead to high blood pressure, kidney stones, etc. This can leadfcaving a specialized surface or drinking using a particular
further complications depending on the condition of the bodyontainer. In contrast,.iquidMeters solution works on any
[7]. Proper hydration levels improve cognitive performancsurface or container since the sensing is done directly on the
and mood [81] while sustaining an overall healthy lifestyle inuman body.
the long run. Estimation of uid consumption volume with earphone sen-
Towards detecting dehydration and alerting users, this pagers is challenging for many reasons: (i) Because of the nature
presents a system calledquidMeter, which shows the feasi- of the biological process involved during uid consumption,
bility of estimating the volume of uid intake by exploiting sound generation, and its propagation through the face, the
earphone sensors that are gaining in popularity with an eselationship between the uid consumption volume and its
pectation to reach a $45.7 billion market by 2026 [35]. At acoustic ngerprint can be complex. While machine learning
high level, LiquidMeter performs drinking volume estimation (ML) algorithms can be used to learn this relationship, the
by analyzing body sounds during drinking by using bontaining data is limited. Unlike vision and speech domains,
conduction microphones in the earphones, detailed in Sec.there are no large-scale training datasets for the relatively new
as Voice-pickup-units (VPU). As the uid is swallowed, theearphone VPU sensors, or wearable devices [56]. (ii)) While
uid's motion and the opening and closing of the esophagusquidMeter designs synthetic training data to address the
(food pipe) for letting the uid into the stomach will produceabove challenge, such data is unlabelled (elaborated in Sec.
acoustic vibrations. These vibrations propagate through théB). (iii) The drinking activity and its acoustic ngerprint
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Fig. 1. Overview ofLiquidMeter. The vibration data from earphones is rst 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 uid intake with limited training data

can vary across users because of diversity in body sizeapervised learning to handle the challenge of limited training
drinking characteristics, etc. (iv) Drinking activities need to bdata. Finally, domain adaptation is done on the model thus
separated from non-drinking activities such as eating, speaiained to handle user diversity.
ing, etc. (v) The choice of earphone sensord.iquidMeter LiquidMeter uses two earphone sensors developed by So-
must ensure robustness to external noise and interferencenion. The earphones are embedded with special microphones
Enumerated below,.iquidMeter exploits a combination of that can detect vibrations directly from the ear's surface
algorithmic and systems-based opportunities to tackle th@ough which the body sound can be captured. The ML mod-
above challenges. (lliquidMeter designs data augmentatiorels are implemented on smartphones using TensorFlowLite.
techniques to transform the limited real data into severBlaluated over 6 categories of liquids known to account for
samples of synthetic training data by creating variations 85% of uid consumption [33], the error in volume estimation
pitch, introducing time-shifts, and adding noise. (ii) Whiledluring each swallow instance is abol®17% whereas the
the augmented synthetic data may not retain the origimaimulative error over an entire bottle of liquid is around 3.26%
labels, LiquidMeter designs ML models based ameacher- (details in Sec. V). Furthermore, our experiments validate
studentlearning strategies to train ef ciently with unlabelledrobustness to natural variation in earphone wearing positions,
synthetic data. (iiiLiqguidMeterexploits techniques in domain body and head motion, ambient acoustic interference, temper-
adaptation for customizing a pre-trained model on other usettsire of the uid, container-type, etc. Therefore, we believe
for a new user. While pretraining helps quickly generate laquidMeter offers a practical solution.
base model for the new user, domain adaptation will ne-tune Considering the above possibilities, we summatimpid-
the model to customize it to a speci ¢ user. (MguidMeter Meters contributions below: (i) Estimation of liquid intake
rst performs classi cation of the activity (eating vs. drinkingvolume using off-the-shelf earphones under natural and adhoc
vs. speaking) and triggers the ML model for drinking volumeonditions. (ii) Design of ML models based on data aug-
estimation only when a drinking activity is detected. (vinentation and student-teacher learning to work with limited
LiguidMeteruses bone conduction microphones in contrast training data. (iii) Extensive user study across different liquids,
ordinary microphones. This provides isolation from externabntainer types, temperature, body-motion, etc to validate the
noise since these microphones have to be in contact witHeasibility of the system. (iv) Implementation on embedded

vibrating surface to detect the sound. devices with low latency and power consumption.
The overall architecture dfiquidMeteris depicted in Fig.
1. The VPU data from earphones is rst used for isolating Il. BACKGROUND

drinking activity from other activities such as eating, speaking,
etc. When a drinking activity is detected, the ML modules for ocess of swallowing activity and sound generation
drinking volume estimation are triggered. These models £ g Y 9 :

. L . : - Swallowing food, uids, and saliva is an essential life-
trained by exploiting ideas in data augmentation, and semi-" """, LT T
Y &Xp g 9 sustaining activity like breathing. Humans swallow 500-700

We will begin with a brief background on the biological
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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 Bone Conduction Air Conduction
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 convertedr 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 fofghen 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. (il 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- o merorene

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).

System without Mass System with Mass

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

IIl. PLATFORM DESCRIPTION

We now discuss the detection of the generated sound « .
earphones via bone conduction using our platform. We beg
by describing the hearing activity, and the role of bone con
duction [44]. A spoken sound, will travel through the air anc Time(s) Times)
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
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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
, 1 DS _,':ED:E_ examples. Fig. 7(c) shows an augmented version of the signal
; gl in Fig. 7(a) based on changing the pitch.
: ’ ‘ o Noise Augmentation: We add white gaussian noise to
e WJ\ % ﬁ»«MWM“w T, 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.
-1 ; P Fig. 7(d) shows an augmented version of the signal in Fig.
0 0.25 0.50 0.75 7(a) based on noise addition. The semi-supervised learning
Time(s) strategies discussed next will build on these data augmentation
techniques.
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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 proctreining 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@fchitectures, 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 dataliscussed 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. (iii) 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 ingo 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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Fig. 7. Data Augmentation: (a) Original Signal (b) Temporal Shift (c) Change of Pitch (d) Noise Addition

as inputs to the ML model. While using Short-time Fourier
transforms (STFT) might be one idea to capture spectro-
Train sfudenf nefwork temporal features, our choice of network input design is
inspired by recent works which show that using separate
> - > < o time and frequency domain inputs or even designing the
network W|t'h.r'nulyple resolutions of STFTs as input can offer
data + labeled data greater exibility in spectro-temporal feature extraction than
conventional STFT-based design [79].
Model 2 The input passes through a series of convolutional layers
e e with the input downsized at each layer with maxpool opera-
tion. The model attempts to capture a compact representation
e of the input to be used for drinking volume estimation.
-l Batch normalization is used at each layer for accelerating
convergence by controlling variation in the input distribution
S at each layer. The overall size of the model is chosen to be
i , _ , ~smaller so that it can learn with small-scale training data.
IFelgll'niBn.g High-level architecture of teacher-student-based seml—supemw”e the accuracy of such a model might be low, the student
model discussed next will expand on the teacher model for
better accuracy (to generadodel 3in Fig. 8). LiquidMeter higher accuracy and robustness.
performs two iterations of théeacher-student learnings Student (expanded model)Fig. 9 depicts the architecture
discussed above since more iterations beyond this resultedfrthe student modelsodel-2andModel-3 at both iterations
only marginal gains. We now elaborate on the details of tiaf the semi-supervised learning strategy. As discussed earlier,
teacher and student models. the student model for the rst iteration serves as the teacher
Teacher (compact model):Fig. 9 depicts the architecturefor the second iteration of semi-supervised learning. While
of a teacher modelModel 1). The model takes time domainthe format of the input for the student models is similar to
and frequency domain features as inputs, computed ffomthe teacher model, the depth of the networks can larger with
audio samples. With a sampling rate of 4000 Hz and am overall higher number of parameters to facilitate better
input audio size of 0.75 ST = 3000. The raw time series learning. Another key difference between the student and
data is used as the time-domain input. Therefore, the si@acher network is the introduction of residual connections
of the time domain input is3000 2 since we have two (in the second student mod#flodel 3. Residual connections
channels of data from the two ears. The frequency-domaire known to accelerate training of deeper networks while
features consist of the Mel-Frequency Cepstral Coef ciengyoviding a sweet spot between stronger feature representation
(MFCC) features. The MFCC features are known to captuged convergence of the model [43].
a highly compressed representation of information in the Loss Function: The loss function is the Mean Absolute
frequency domain, thus popular in many speech processiagor (MAE) for volume estimation as depicted in the simple
applications [53]. We compute 13 MFCC co-coef cients fronequation below, wherd/,eq and Vyyn are predicted and
25ms framesof audio. After computing the MFCC featuresground truth values of volume estimates.
for the curren5ms frame we move bylOms to capture the X )
next 25ms frame whose MFCC features are computed next. MAE = Vored Vi J=N @
This creates an overlap of 15ms between succedswees . ! .
necessary to minimize information loss due to windowinfy- Domain Adaptation to Handle User Diversity
and other transformations performed while computing MFCC The vibration pattern of earphone signals might vary across
features. Therefore, the size of our frequency-domain input fasers due to differences in body shape, gender, drinking
a 0.75s segment of input audio from both earphones would pattern, etc. WhileLiquidMeter designs techniques based on
13 74 2 semi-supervised learning to decrease the training overhead
To best capture the spectro-temporal relationships, we Sec. IV-B), we also explore domain adaptation techniques to
both time and frequency domain features as discussed abtwther reduce the overhead of training across multiple users.

Model 1 Model 2

Train teacher network | Weight Infer pseudo labels

MEM

Model 3

Final model for testing




Model 1 = pretrained model. (iii) We make all layers untrainable except

the BN) layers. Using small-scale training data from theget
user, we update the BN layers to minimize the loss function.
_ This is called ne tuning. (iv) Unlike supervised learning,
Ot t LiquidMeter designs ML models based on semi-supervised
] ) Z learning and teacher-student interactions. Therefore, the pro-
g D' ﬂ p ﬁ § cess of ne-tuning goes through exactly identical iterations of
g izl ! teacher-student training described in Sec. IV-B. However, in
contrast to updating the weights of the entire network, only
the BN layers are updated. The model thus generated will be
used for making inferences on tlarget user.
_ Finetuning the BN layers help with domain adaptation
Ot because of their ability to contain wide oscillations in the
v distributions of input fed from one layer to the next. Given the
C]. mrﬁ' suf cient success in BN layers (with only a few parameters)
e (0] for accelerating convergence by minimizirugvariate shift
s [49], we exploit them towards domain adaptation as well.
oy Ll The success of this approach has already been shown in other
] domains such as computer vision [23], [60]. The BN layers
’ QQ@" 5 will learn to suf ciently transform the distribution frortarget
user to a distribution of theourceuser on which the model
Qutput is pretrainedon. If successful, there-trainedmodel from the
D' VT sourceuser can be used for performing inferences on the target
’ ﬁ | user with the netuning steps discussed here. As discussed in
Sec. V, this results in a reduction of training overhead on the
f =il target user signi cantly.
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Swallowing Data

& - o D. Activity Detection: Drinking vs Eating vs Speaking vs Null
g[_m - RN | LiquidMeter needs to identify the activity of the user
mle Gnolution B Ralu o before performing volume estimation. Therefore, we design a
‘ ‘ classi er to detect and eliminate other activities sucleatng
drinking, or the null activity. Our de nition of null activity
includes other normal activities involving body motion such as
walking as long as the user is not drinking, eating, or speaking
Despite differences across users, the overall biological proc€ésing that time. Whenever a drinking activity is detected, the
of drinking has a lot of similarities. ThereforéjquidMeter corresponding data is analyzed further for volume estimation.
designs domain adaptation techniques to adaptetrained Our architecture for the classi cation network is similar to the

model on one user to perform inferences on a new user wafehitectures in Fig. 9 and Fig. 8 that exploit semi-supervised
minimal training overhead. learning for minimizing the training overhead. The last layers

Transfer-learning-based domain adaptation is popular amd loss functions are different since the classi cation network
vision and speech processing. For example, AlexNet modeeds to label 4 classeldting Drinking, SpeakingNull). In
[55] pretrained on ImageNet database [30] was ne-tuned fépntrast to volume estimation which includes ReLU activation
classifying images in medical domain [84], remote_sensirﬁéﬂd MAE loss function, the last layers include SoftMax
[42] and breast-cancer [63]. Similarly, a pre-trained BER®Cctivation anccross-entropyloss function in the classi cation
language model [31] was ne-tuned for tasks such as textetwork. In the interest of space, we skip detailing out the
summarizing [80], question answering, [66] etc. This signifntire architecture in a separate gure. The evaluation results
icantly reduces the burden of training for a new task. In &€ discussed next.
similar spirit, we use pretrained model from one user aed
tuneit for a different user to signi cantly decrease the training
overhead (Fig. 17(b)) without losing much accuracy. A. User Study

Domain adaptation is performed as enumerated below: (i)We conduct a study with 12 users (8 males, 4 females). The
We generate a model for one user by rst training the modebkers are aged between 20-52, and weigh between 47-96 kgs.
with labeled data from that user — known as tretrained
model. (ii) We collect small training data from the netarget) Data Collection Methodology: Our study was approved
user. Instead of developing the model for taeget user from by the IRB committee. The users wear the smart earphones
scratch, we initialize the model weights to be the same as tt&ec. Ill) as shown in Fig.10 on both ears. The users were then

Fig. 9. ML model architectures used in teacher-student learning.

V. PERFORMANCEEVALUATION



each day. We used bottled mineral water at room temperature
for “water” studies above. Half of Milk, Coffee, and Tea was
tested under both “hot” and “room temperature” conditions,
whereas, Soda and Orange Juice were tested under “room
temperature”, and “cold” conditions. Given ideas in semi-
supervised learning discussed in Sec. IV-B, our evaluation
depicts that the data thus collected is suf cient for generating
robust ML models. The initial data collection was further
augmented as elaborated later in this section to test special
cases of usability. For activity classi cation, approximately
20 minutes of data per day was collected for each of the
non-drinking activities (eating, speaking, null class). Three
kinds of models were developed using the training data: (i)
User-dependent model:A model for each user that requires
training data from the same user. (NJodel with domain
adaptation: A model for each user where a pre-trained model
from a different user is taken and ne-tuned using techniques
in Section IV-C such that only a small fraction of user-speci c
training data is used for developing a model for the user. (iii)
instructed to drink six liquids: Water, Milk, Coffee, Tea, Sodayulti-user model: This is a user-independent model. Here,
and Juice (Orange). Our chosen category of liquids is knownue train a model based on training data from multiple users.
account for 85%of uid intake under daily living conditions The trained model is directly used for inferences on a new
[33]. The restl5% includes special drinks or alcohol, not auser without any training data from the new user.
part of this study due to IRB restrictions. We allowed the user Test Data: Because of data augmentation and semi-
to drink naturally which includes various speeds depending sapervised learning strategies, the user-dependent model con-
their levels of comfort. We decided not to explicitly instruct the&erged with only a small amount of training data — 65 instances
users to drink fast or slow since we wanted to be careful withf drinking events (swallowing the liquid) — which is approx-
issues such as water getting into the windpipe, therefore wmeately 1500 mL of liquid, and the testing was done with
simply instructed the users to drink naturally. Three differenthe rest of the data in a randomized cross-validation manner
containers were used — Bottle, Cup, and Straw — for consumisigch that the training and the test data are not taken from the
the uids. In addition to drinking, the users also performedame day. With domain adaptation, even lesser training data is
other activities such as eating, speaking, or the null class wheeeded (15 swallow instances, details in Fig. 17(b)). We only
they could walk, or move randomly, or be idle, but they didsed water for training the model, which generalizes well to
not speak, eat, or drink. The sensor data was streamedotber uids in the study (details in Fig. 12). Given that training
a smartphone over the audio jack, with a sampling rate ahd testing data are sampled from different days, the earphone
4000 Hz since higher frequencies are heavily attenuated $gnsor has to be removed and remounted between training and
the human body [70]. testing, thus providing a benchmark for validating robustness
Labels for Training and Testing: The VPU sensor datato natural variation in sensor positions. In addition, various
from both earphones are collected as the user drinks the wther test cases including drinking while walking, drinking
for predicting the volume of consumption. We use a higlwith head movements, ambient acoustic interference were
precision weighing scale [1] to measure the ground truth. Tleensidered as described in detail in appropriate subsections.
user is instructed to place the container on the scale before
and after each drinking bout, and the difference in weight asMetrics of Evaluation: In addition to MAE from Equation
measured by the scale is noted. The weight is later divided bywe also use thenean absolute percentage error (MARE)
the density of the liquid to obtain the ground truth of volumeand mean percentage error (MPE}epicted in Equation 2.
We note that the weighing scale is only used for collectinghese are popular metrics for validating uid intake accu-
ground truth, it is not a part of our system. The labels faracy [28]. While MAPE computes the absolute error, MPE
activity classi cation (eating, speaking, drinking, null classfomputes the cumulative sum of errors over time where the
were derived manually. positive and negative errors may cancel out. MPE might be
Training Data: Towards keeping the volume of uids con-more relevant in the context of longer intervals of tracking
sumed per session within natural and comfortable limits, wever an entire bottle of drink). However, MAPE computes
spread the user study across six different days, with over fawrerage error across instances of swallowing a drink, providing
sessions per day at different times. Over the period of six dags, estimate of worst-case errors.
each user consumed about 2100 mL of water, and 600 mL of
each of the 5 other types of liquids: Milk, Coffee, Tea, Soda,
and Orange Juice. An equal amount of liquid was consumed

Fig. 10. User wearing earphone sensors while drinking water



Accuracy vs Type of Drink: Fig. 12 depicts the overall
100X iV (Predicted) V(GroundT ruth )j accuracy as a function of the liquid. Evidently, the model

MAPE = —
N , V (GroundT ruth) ERVAPE
—~ ERMPE
MPE = 1700X‘I V (Predicted) V(GroundTruth) & %
TN V (GroundT ruth ) S 201
(2) E 10
B. Implementation § 0
LiquidMeter is implemented on a combination of desktop A0 ‘ . ‘ ‘
and smartphone devices. The ML model is implemented with water '”'CeDif?Z:‘:m L”i"'Eids tea  coffee
TensorFlow [9] packages and the training is performed on a a
desktop with Intel i7-8700K CPU, 16GB RAM memory, and Fig. 12. Accuracy vs type of liquid

Nvidia GTX 1080 GPU. We use the Adam optimizer [52] Wlthtrained with water continues to hold well for other liquids,

a Iearn.mg.rate of 0.1,1 of 0.9 anq 2 Of 0'99.9' To avoid with only small differences. Because of similarity in sound
over- tting issues that may happen in the training process, we

apply the L2 regularization [16] on each CONV layer with ggnerated across liquids, reliable classi cguon of the type of
. rink from the VPU data was not possible. However, we
parameter of 0.01 and also add dropouts [72] with a parameier, .
. e Deélieve that because of the same reason, the model trained
of 0.1 following each RELU activations. Once a model is . . o
L . . . with water continues to hold for other liquids as well. The
generated from training, the inference is done entirely on

. ; . alcuracy is consistent across i uids, indicating promise in
smartphone device using TensorFlowLite [39] on Samsun y q gp

20, and Oneplus 9 Pro smartphones. WRamless monitoring of uid intake for commonly used liquids.

C. Performance Results Accuracy vs Volume Consumed: Fig. 13(a) depicts the
While we mainly provide MAPE and MPE errors in theMAE as a function of the amount of liquid consumed. The
graphs for brevity, the MAE errors are discussed while evaccuracy is slightly higher within the 10-30 mL regime. Given
uating the training overhead of the ML models. If not State@]at the natural distribution of volumes of |IqUId consumed per
otherwise, the general reported results are from rtiedel Swallowing instance (in Fig. 13(b)) tends to be more within
with domain adaptationThe results from other modelsger 10-30 mL, the ML models are trained with more data within
dependentmulti-use) are discussed separately. this domain, thus resulting in higher accuracy. Nevertheless,
Activity Classi cation: Eating vs Speaking vs Drinking
vs Null: A user could be performing any activity such as being :

idle, walking, speaking, or eating in addition to drinking. We o

rst identify the activity. If a drinking activity is detected, the é;j

ML module for volume estimation is triggered. We did not 02

have a single instance of missed classi cation and the accuracy % W @ w @
was100% Because of the vast differences in generated sounds e consmeaper sulouno )

across activities, they are easily distinguishable. Fig. 13. (a) Accuracy vs volume of liquid consumed per swallow (b)

Accuracy vs Users: F|g11(a) shows the breakup of ac-Distribution of volume intake per swallow event

curacy across users. Although the direct use of a modgk overall MPE is less than 5%, thus showing promise in

trained from 11 users (multi-user model) and tested on a n@Wcurately tracking the volume over time.

user (without domain adaptation) provides a decent accuracyzccuracy vs Type of Container Fig. 14(a) depicts the

(MAPE = 34:89% MPE = 7:11%), domain adaptation in accuracy vs popularly used containers for drinking the liquid.

LiquidMeter can signi cantly cut down the errors (MAPE = Evidently, the accuracy is consistent across all containers.

19:17% MPE = 3:26%), the performance is close to userThijs is because the container only in uences how the liquid

dependent model with less training overhead. The overglingested into the mouth. On the other hand, the volume
estimation depends on the sound produced when the liquid

_ passes through the food pipe from the mouth, which is

5o . independent of the type of container. Our experiments are in

E , wl i oy [ L L, agreement with this hypothesis.

B Accuracy vs Temperature: Fig. 14(b) depicts the accuracy
L N R sl S ewnn variation with temperature. While beverages are typically

served hot, the safe temperature for a hot beverage is known
to be below56 [20], and we maintain the temperatures of
accuracy is robust with diversity in users, body mass indicesjr hot beverage below this value. Similarly, we maintain the
gender, etc. temperature of our cold beverage abdvausing a refrigerator.

Fig. 11. Accuracy vs users (JAPE (b) MPE
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Under these conditions, we observe that the acoustic vibrationsg *
generated in the body are similar to those when the drink is -
taken at room temperature. Accordingly, the volume estimation E 0
accuracy is consistent across all temperatures. 0 e
Accuracy vs Number of Earbuds: Fig. 14(c) depicts Frronmenttiore pierent Posture and oten
the accuracy for individual earphones as well as the overall
accuracy when both are used. The accuracy is uniform across

al cases. Inspection of raw record_ings reveals that there i, ,qiness under such conditions, we test the accuracy under
substantial redundancy in information captured across bq following conditions: (i) Turning head to the right (i)

earphones. Thus, we believe it is suf cient to put a VPU Sens%rning head to the left (iii) Walking (iv) Static. Depicted

n lgng e?rphom;:. S Positi Variation:Fia. 14(d in Fig. 16(b), our results indicate that the accuracy is stable
obustness 1o Sensor Fosition - variation.=ig. (@ cross conditions of mobility, close to static conditions.

depicts the accuracy over different days of th_e user Stugy‘Effectiveness of Semi-Supervised Leaming: Fig. 17(a)
Although the earphones can t snugly, there might be smadle icts median an®0" percentile MAE for for the fol-

variations in sensor position across days. The training and ing three cases: (i) without data augmentation or semi-

dat.a sets were sampled across.c_omplete_ly different daySsERJervision(base) (i) with one iteration of teacher-student
validate robustness to sensor positions. Evidently, the accur

) stent d The ML models h b rai ning (Iteration-1) (iii) with two iterations of teacher-student
IS CONSISIENt across days. 1he MOdels have been traing ning (Iteration-2). Evidently, the semi-supervision inqg-

with noisy data augmentation techniques, we believe ﬂﬁf’dMeter creates robust ML models bringing down the error

m:;lfes the mOdT_Il rogu_St'F. 15 deoi h substantially from 10.4 mL to 3.91 mL and 3.35 mL after
ccuracy vs Hands. Fg. 15 ?p'CtS_t € accuracy as gne st and second iterations respectively. Similarly, 6
function of the hand used for drinking. Given that the V°|um8ercentile errors are cut down from 21.19 mL to 7.54 mL and

estimation depends on sou_nds pro_duc_ed_ when the quuid6'.%0 mL with the two iterations. Additional iterations beyond
passing through the food pipe, which is independent of tla;-ﬁs result in only marginal gains

hand, we did not notice a difference in accuracy due to the
hand used for drinking.
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Fig. 16. Robustness to (a) Ambient Noise (b) Body Motion
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Fig. 17. Accuracy Variation with (a) Iterations of Semi-Supervision (b) Size

dominant non-dominant of Training Data

Different Hands
Training Overhead: Fig.17(b) shows the median a®@™"

percentile MAE as a function of the size of training data.

Robustness to Ambient NoiseSince the VPU sensor usedBecause of data augmentation and semi-supervised learning
in LiquidMeterpicks up vibrations directly from bone conductechniques (Sec. IV) incorporated irnquidMeter, even with
tion, it is immune to interference from ambient acoustic noisthe user dependenmodel, we only need 65 instances of
To validate the hypothesis, we simulate a noise environmalrinking (swallowing) events to converge and achieve an MAE
by playing airport noise in the ambiance. The volume of the&f 3.12 mL. While we believe, thaeiser dependentnodel
noise was set to 60 dB which is at similar levels to actudoes not have a big training overheddmain adaptatiorcan
ambient noise in an airport. Our results in Fig. 16(a) indicatarther cut down the number of training instances (swallow
that the ambient noise levels do not affect the accuracy éwents) to 15 with MAE levels (3.35 mL) close to theer
comparison to a clean environment. dependentmodel.

Robustness to Head and Body Motion:In a natural Latency and Power Consumption: Fig. 18(a) depicts
setting, a user may consume drinks while walking (in #e latency of executing ML models ihiquidMeter on
party), or moving the head while talking to others. To evaluatmartphone devices. Evidently, the latency for both activity

w
o

Volume Error (%)

AN
S}

Fig. 15. Accuracy vs Hands



classi cation and volume estimation is very low. For pro ling Inertial Sensors: Inertial sensors worn on the wrist and
the energy of the Tensor owLite model, we use Batterystathe head are explored in [77] for performing drinking activity
and Battery Historian [5] tools. We compare the differencaéetection. Work in [13] rst uses a waist worn inertial sensor
in power between two states: (i) The device is idle witto determine whether a person is sitting, standing, and moving.
the screen on. (ii) The device is making inferences usirithis information is fused with wrist worn inertial sensors to
the Tensor owLite model. Fig. 18(b) depicts a low powedetect eating and drinking activities. Similarly, work in [14]
consumption pro le for both activity detection and volumeuses a single wrist watch inertial sensor worn on the dominant
estimation modules. The earphone sensor draws 55UA at 1.Bahd for eating and drinking detection. The above works
thus consuming a small power [67]. do not perform drinking volume estimation. Works in [41],
[46] estimates drinking volume using smart watch sensors.
However, the subject has to remain relatively still while
drinking and has to place the bottle down before beginning
another bout of drinking. In contradtiquidMeters solution is
more generic with ability to estimate the volume under adhoc
conditions including mobility.

Latency (ms)
o

Power Consumption per Hour ()

o

raton

cation
iy crass oume st
pet

Fig. 18. System evaluation (a) Latency (b) Power Consumption Sensors on the Throat and NeckCapacitive sensors have
been used on the throat and neck for classifying activities
VI. RELATED WORK such as chewing, swallowing, speaking, and sighing [24],

Vision: Work in [27] uses a depth camera installed off5]. Bioimpedance and pressure sensor have similarly been
the ceiling to detect activities such as eating and drinkingsed for detection of swallow events [82]. EMG sensors in
by using Arti cial neural Networks (ANN) on the depth combination with throat microphones have been used for
+ RGB images. Work in [22] uses Kinect cameras on @etecting swallow events as well as classifying volume con-
mobile robot to detect various activities in daily life includingsumption into three categories: low, medium, and high [12].
drinking. The information from depth, color, and optical ow,Electroglottography (EGG) [37] signals have also been used
etc., is integrated into a 3D CNN algorithm for performindor detecting food intake. In contrast to these works that detect
activity detection. Work in [50] performs eating and drinkingand classify activities at a higher granularityiquidMeter
activity classication by exploiting both spatial as well agracks uid intake at a ner granularity of milliliters.
temporal variation of the human body pose detected by aRadio Frequency (RF) based SensingRFID sensors are
camera. Linear Discriminant Analysis (LDA) is used to mapttached at the bottom of the liquid container for detecting
the input to a compact feature representation space sodsagking events [51]. UltraWideBand [32] and RFID sensors
to facilitate classi cation based on clustering algorithms ifi73] have been used to detect liquids placed in a container
the feature space. Similarly, the work in [19] uses skeletdrased on properties of RF re ections. Several RFID tags
structures extracted from two Kinect sensors to detect eatiage attached to the container and the volume level in the
and drinking activities in a meeting room. While vision basedontainer is estimated at a resolution of 35 mL based on
sensing can be passive, they can be susceptible to occlugiooperties of signals received from these tags by a RFID
and lighting conditions. Also, all of the above works onlyeader [54]. While these works are innovative in nature, the
perform detection of drinking but do not estimate the actuednge of RF based solutions is limited to the environment in
volume of the content consumed. In contrdstjuidMetefs  which the infrastructure is installed. In contrast to these works,
solution is more ubiquitous while being able to continuouslyiquidMeter offers an order of magnitude higher accuracy
estimate the volume of uid consumption. levels, while being fully ubiquitous.

Smart Surface: Work in [21] designs a diet aware dining Smart Container: A number of smart containers have been
table where the surface of the table is embedded with RFiBade commercially available for estimation of uid volume
and weight detection sensors for tracking food and drirdonsumption [34], [40], [47], [48], [65], [71]. HydrateSpark
consumption. Work in [83] designs a smart table embeddftB] uses capacitive and IMU sensors to estimate the volume.
with a ne grained pressure sensing textile matrix as well asTde data syncs with a smartphone app using Bluetooth and the
weight sensitive tablet. Various ne grained activities such asnart container includes an LED based reminder if the user
cutting, spooking, poking, etc., can be detected for monitoridgis not consumed enough uid. On the other hand, H20OPal
eating and drinking related actions. Similarly, work in [61]40] uses load cells and IMU sensors at the bottom of the
uses a table with embedded weighing scale to detect bitsdsvice. Any container with similar size can be inserted into
eating and drinking. In contrast to above works, a portabtbe device for tracking. The Thermos Smart Lid [71] includes
sensing mat [76] with embedded sensors is designed to traensors in the lid to measure liquid levels and the temperature.
food and drink consumption. While sensor embedded surfadesaddition to tracking volume consumption, the Ozmo smart
can track ne grained eating and drink related activities, theottle [65] can also differentiate between coffee and water.
sensing is only restricted to the surface, and the food/drink Ha#hile effective in tracking, the user has to use the same
to be placed on the smart surface before and after consumpticmmtainer for drinking any uid. In contrast,.iquidMeters
In contrast,LiquidMeter provides a more ubiquitous solution.solution works with any container.



Activity Detection using Earphones: Earphone sensorsthe space of smart healthcare such as food intake monitoring,
are gaining in popularity with a number of applications imutrient, and calorie estimation, etc.
emotion sensing, dental hygiene detection, smart health, and
augmented reality [26]. The feasibility of sensing eog (eye), IX. ACKNOWLEDGEMENTS
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in earphones as well as embedded microphones. Perhaps,
closest to our work related to food consumption is [57], where REFERENCES
earphone sensors are used for CIaSSIfymg activities such ? Food network™ precision digital kitchen scale. https://www.kohls.com/

head nodding, speaking, eating, etc. They do not estimate product/prd-3758577/food-network-precision-digital-kitchen-scale.jsp.
liquid volume consumption. In contrast to above works, td2] Hyoid bone. https://biologydictionary.net/hyoid-bone/.
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our best knOWIGdgeLIqUI_dMeter is the rSt_ WOI’.k that uses product/sw piezo/mic/mems-mic/dataheet/ics-40619-datasheet.pdf.
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Wireless Streaming of Earphone Sensor DataOur plat- [6] Study  nds inadequate hydration ~~among us.  chi-
. . dren. https://www.hsph.harvard.edu/news/press-releases/
form developed bysonioncurrently does not support wireless  study- nds-inadequate-hydration-among-u-s-children.
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