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Fig. 1. We introduce Mammal, a caregiver-worn computational garment that monitors daily breastfeeding using inter-body
sensing to derive key indicators, including latch duration, heart rate, suck-swallow-breathe ratio, and milk intake.

Breastfeeding provides critical insight into infant feeding competence and physiological health, yet objective monitoring
remains difficult due to the intimate and internal nature of feeding. We present Mammal, a caregiver-worn computational
garment that unobtrusively monitors breastfeeding without attaching sensors to the infant. Mammal leverages inter-body
signal transmission through natural mouth-to-breast contact to capture infant cardiac and feeding-related acoustic signals on
the caregiver’s body. Using novel algorithms to detect latch onset, infer infant electrocardiogram (ECG), and identify suck
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and swallow events from inter-body signals, Mammal estimates latch duration, in-feeding heart rate, suck-swallow-breathe
(SSB) ratio, and milk intake. In a user study with 10 caregiver—infant dyads, Mammal achieves a mean absolute percentage
error (MAPE) of 5.56% for latch duration, a mean absolute error (MAE) of 3.61 bpm for infant heart rate estimation, a mean
absolute error of 0.12 for SSB ratio estimation, and a mean relative error of 15.76% for milk intake, with participants reporting
high comfort and wearability.

CCS Concepts: « Human-center Computing — Ubiquitous and mobile computing systems and tools; « Applied Computing
— Health care information systems; « Hardware — Sensor devices and platforms.
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1 INTRODUCTION

Breastfeeding is one of the most common and essential baby care activities, widely recommended as the optimal
method for infant feeding [58, 99]. Beyond its nutritional benefits, it offers valuable insights into infant health.
Breastfeeding reflects an infant’s ability to coordinate oral structures and muscle control [31, 44]. Difficulties in
oral-motor coordination and neuromuscular development can impair breastfeeding [39, 56], leading to irregular
sucking patterns and disruptions in the suck-swallow-breathe rhythm [27, 40]. Moreover, the cardiovascular
effort required during feeding can expose hidden heart conditions such as bradycardia or tachycardia [12, 84, 98].
Monitoring breastfeeding therefore not only enables understanding of infant nutritional intake, but also supports
early detection of feeding challenges and provides a non-invasive window into an infant’s neurological, muscular,
and cardiovascular health.

Despite its importance, monitoring breastfeeding is difficult. Unlike bottle feeding, where intake volume,
feeding duration, and even oral activities can be easily measured [28, 88], breastfeeding is a largely internal and
intimate process that offers limited visibility into what occurs during feeding. Although approaches such as pre-
and post-feed weighing or in-hospital equipment, including wired electrocardiogram sensors and respiratory
belts, can provide partial information, they are often cumbersome, intrusive, and impractical for routine use,
especially in home settings where most breastfeeding takes place. These methods may also require repeated
handling, specialized equipment, or skin-contact sensors that can disrupt natural feeding and irritate an infant’s
sensitive skin. As a result, there is an urgent need for non-intrusive breastfeeding monitoring solutions that can
be used comfortably at home [33, 89]. Such tools would enable early identification of feeding issues, support
caregiver confidence, and promote sustained breastfeeding practices outside clinical settings.

In this paper, we present Mammal, a wearable computational garment designed for caregivers to unobtrusively
monitor breastfeeding sessions and infants’ physiological states (Fig. 1). Mammal measures key indicators such
as latch duration, infant heart rate (HR), the suck—swallow—-breathe ratio, and milk intake. The core principle of
Mammal lies in inter-body signal transmission. Infants’ physiological signals such as ECG and acoustic signals
from sucking and swallowing are transmitted through the natural mouth-to-breast contact and collected by
Mammal without requiring direct attachment of wires or probes to the infant. While these signals are mixed with
the caregiver’s own bio-signals, they can be separated and analyzed using advanced signal processing techniques
to derive measurements of the infant’s physiological activities. This approach not only preserves the intimacy
and comfort of breastfeeding but also enables non-invasive monitoring that provides caregivers with insights
into infant health and feeding behaviors.

However, realizing this computational garment faces three challenges. First, identifying latching is crucial
for understanding feeding duration and behaviors. However, due to the subtle nature of this interaction, it is
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difficult to determine when the infant’s mouth makes contact with the breast to initiate feeding. This goes
beyond the latest skin-to-skin monitoring using inter-body ECG signals [79], where physical contact is not
confined to mouth and breast. Second, while prior research has demonstrated the detection of sucking and
swallowing by placing sensors near the mouth and throat [24, 108], a critical knowledge gap remains in sensing
these events through inter-body acoustic signals. When acoustic signals propagate across the mouth-to-breast
contact, they are attenuated, raising questions about how detection can be achieved in a caregiver-worn system.
Lastly, capturing inter-body ECG to derive infant’s heart rate requires the infant’s body to maintain contact with
a textile electrode on the garment to establish an electrical conduction path across two bodies. Achieving this
across diverse breastfeeding postures and contexts necessitates an ergonomically designed garment that ensures
consistent functionality while preserving comfort.

To address these challenges, we first examine the principles of inter-body transmission. We conduct experiments
to understand how electrical and acoustic signals may transmit through the coupled bodies of the caregiver
and infant during breastfeeding. We observe that mouth-to-skin (breast) contact exhibits stronger electrical
coupling compared to general skin-to-skin contact, enabling Mammal to detect latch events by measuring
coupling strength. In parallel, we characterize inter-body acoustic signals generated by sucking and swallowing
and identify the frequency bands that remain observable after attenuation. Guided by these findings, we develop a
hardware—software co-design. The garment’s electrode and sensor layout are optimized for common breastfeeding
postures and practices. A signal processing pipeline is developed to infer infant’s ECG, detect latch, sucking and
swallowing events from inter-body signals. This enables the estimation of latch duration, in-feeding heart rate,
suck-swallow-breathe ratio, and milk intake.

To understand the performance of Mammal, we fabricate a tank-top—style prototype in collaboration with
fashion designers and conduct a user study with 10 caregiver—infant dyads. Overall, Mammal achieves a mean
absolute percentage error of 5.56% for latch duration estimation, a mean absolute error of 3.61 beats per minute
for infant heart rate estimation, a mean absolute error of 0.12 for SSB ratio estimation, and a 15.76% mean relative
error for breastmilk intake estimation. Participants reported that Mammal is comfortable, easy to wear, and
compatible with daily breastfeeding routines. In addition, a preliminary interview with a neonatal intensive care
unit (NICU) clinician suggested that Mammal could provide practical and clinically meaningful support during
the NICU-to-home transition. Finally, we discuss several limitations and key next steps, including a longitudinal
validation study and hardware improvement for washability and maintenance.

The contributions of this work are as follows:

o We characterize the inter-body transmission mechanisms of electrical and acoustic signals to understand
how physiological signals transmit across mouth-to-skin (breast) contact.

e We design and fabricate an ergonomic tank-style nursing garment that integrates textile electrodes and
contact microphones to enable comfortable and unobtrusive signal acquisition across diverse breastfeeding
scenarios.

o We develop signal processing algorithms to infer infant’s ECG, and identify latch, sucking, and swallowing
events from inter-body electrical and acoustic signals, enabling the derivation of key feeding indicators
such as latch duration and suck-swallow-breathe ratio.

o We evaluate the performance of Mammal in a user study with 10 caregiver—infant dyads, demonstrating
accurate detection of latch onset and duration, robust inference of physiological features, and high user
comfort and usability.
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2 RELATED WORK
2.1 Physiological Monitoring for Infants

Infant physiological monitoring has been widely studied in both clinical and home contexts, with a primary
focus on vital signals such as respiration, heart rate, and heart rate variability [85]. In clinical settings, these
measurements are traditionally obtained using wired and stationary equipment deployed at scale in neonatal
care environments [86]. While such systems provide reliable signal quality, they require direct attachment to
the infant and are typically confined to supervised clinical use. More recently, wireless and wearable sensing
solutions have been introduced into clinical and home settings, including sensing socks [48, 93], ankle bands [76],
instrumented sleep surfaces [45], and electronic skin [15]. These sensing systems monitor infants’ vital signs
but do not capture feeding-related behaviors. Therefore, a complementary line of work explores physiological
sensing for feeding. Prior studies have instrumented objects, such as feeding bottles with pressure sensors, to
assess sucking strength and diagnose feeding deficits [13]. Yet, these approaches primarily focus on bottle-feeding
and do not leverage inter-body sensing for monitoring breastfeeding physiology.

Joey is the first system to capture inter-body ECG signals during skin-to-skin care for inferring infants’ heart
rate and respiration rate [79]. Building on this line of inter-body sensing, Mammal targets breastfeeding, which
requires a garment form factor that supports breastfeeding postures and sustained caregiver—infant contact.
Mammal further extends inter-body ECG from physiological monitoring to latch detection by estimating caregiver—
infant ECG coupling strength to distinguish contact types (e.g., skin-to-skin vs. mouth-to-skin). To operate in
breastfeeding contexts, Mammal also introduces an ECG separation algorithm robust to feeding-related sucking
artifacts, which introduce non-stationary structured noise not addressed in Joey. Finally, Mammal incorporates
inter-body acoustic sensing to capture sucking and swallowing through the caregiver’s body, enabling breastmilk
intake estimation and multimodal inference of SSB patterns.

2.2 Body Signal Transmission

Human body as a signal channel for interaction sensing or device-to-device communication has been widely
explored in HCI and mobile computing. Prior work mainly falls into two families: electrical and acoustic channels.
In the electrical family, body-coupled communication (BCC) or human body communication (HBC) leverages
the human body as a conductive path to carry modulated signals, enabling touch sensing [112, 113], gesture
sensing [111], and hand-held object sensing [38]. It has also been used as an enabling primitive for interactive
infrastructure and on-/near-body device communication, where devices exchange data only when the user
physically touches an object or surface [47, 95, 96]. On the other hand, the acoustic family treats the human body
as a vibro-mechanical waveguide, where taps, motion, and internal physiological events generate vibrations
that propagate through tissue and bone. This channel has been widely used for on-body input and touch
localization [30], activity and context sensing [37], health sensing [29] and device communication [109].

However, the majority of prior work in both electrical and acoustic families focuses on intra-body signal
transmission, where sensing or communication occurs within a single user’s body. Only limited work has begun
to explore inter-body channels formed through physical contact or close proximity between two people. For
example, prior studies have characterized inter-body electrical coupling during handshakes or touch events,
demonstrating the feasibility of signal transmission across bodies but primarily from a physical-layer or security
perspective [43, 46]. The most relevant work, Joey, investigates inter-body electrical transmission under infant-
caregiver skin-to-skin contact and establishes signal models for inter-body ECG transmission [79]. Building
on this foundation, our work similarly leverages electrical inter-body transmission, but further incorporates
acoustic inter-body signals to infer feeding-related events such as sucking and swallowing, enabling a richer
characterization of breastfeeding physiology.
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3 SENSING OBJECTIVES AND CHALLENGES

In this work, we aim to develop a computational garment that enables caregivers to non-invasively monitor key
physiological indicators in the breastfeeding process. In the following, we describe each sensing objective and
discuss the corresponding technical challenges.

Latch Onset and Duration. Latch is the period when the infant maintains mouth-breast contact for sucking
and milk transfer [36]. Identifying when latch begins and how long it is sustained is essential for characterizing
feeding behavior and efficiency [59]. Disrupted latch can reflect maternal factors (e.g., nipple inversion or
engorgement [22]) or infant factors (e.g., weak suction [11]), often leading to prolonged feeds [103] and reduced
transfer efficiency [34]. However, measuring latch onset and duration remains challenging due to the intimate
nature of breastfeeding. Direct sensing at the nipple is impractical because it may cause discomfort, interfere
with natural feeding behavior, and raise hygiene concerns. As a result, we need a new approach that relies on
indirect sensing to detect latch.

Suck-Swallow-Breathe Ratio. SSB coordination reflects neuromuscular maturation and respiratory control.
Typical patterns approximate 1:1:1 or 2:1:1 [10, 55]. Persistent deviations (e.g., irregular breathing or disrupted
rhythm) may indicate dysphagia or impaired oral-motor/respiratory regulation [16, 53, 75]. Conditions ranging
from structural anomalies (e.g., laryngomalacia [81], cleft palate [52]) to rarer disorders (e.g., H-type TEF [105],
PBVCP [41]) can also affect feeding coordination. However, current clinical practices rely on clinician observation
and lack non-invasive tools to detect such early physiological warning signs in natural, non-clinical environments.
By unobstructively capturing the SSB ratio during breastfeeding, we can thus provide valuable insights into
infant development and health.

Heart Rate. Feeding is the primary form of physical activity in early infancy, during which the infant’s
cardiovascular and respiratory systems are actively engaged to support rhythmic sucking, swallowing, and
breathing. This increased physical demand can accentuate underlying cardiological conditions, such as congenital
heart defects or arrhythmias, revealing abnormalities that might otherwise remain unnoticed at rest [51, 72].
Therefore, continuous heart rate monitoring during breastfeeding is valuable. However, attaching sensing devices
directly to the infant’s body is impractical due to their fragile skin and the need to preserve comfort and natural
bonding. Thus, alternative approaches, similar to [79], must be used to infer cardiovascular activity during the
feeding.

Breastmilk Intake. Milk intake is central to assessing feeding adequacy, hydration, and early growth, making
it an important measure in pediatric care [32, 57]. Yet, it remains difficult to measure during breastfeeding
because milk transfer occurs internally and cannot be directly observed. This lack of direct measurement limits
objective clinical feeding guidelines and can increase caregiver uncertainty about feeding adequacy, a concern
associated with lower breastfeeding self-efficacy, greater anxiety, and earlier breastfeeding cessation [26, 104].
Test weighing is a standard approach, but it is burdensome for routine at-home use, can disrupt natural mother—
infant interaction [78], and has limited precision, with reported errors ranging from 7% to 40% depending on
adherence to standardized weighing protocols [8, 77, 78]. Other direct measurement methods often require
invasive instrumentation (e.g., flow sensors [67] or bottles [13]) that can also disrupt natural feeding. Recent
noninvasive approaches using breast electrical impedance [33] still require breast instrumentation that may
disrupt breastfeeding activities and be prone to disturbance by the feeding infant. This motivates an alternative
intake estimation method that preserves natural breastfeeding behavior while enabling practical and acceptably
accurate monitoring for daily use.
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Fig. 2. (a) Conceptual illustration of inter-body signal transmission during breastfeeding, showing how infant ECG signals
and sucking-swallowing acoustics propagate through the nipple and caregiver’s body. (b) Overview of Mammal’s sensing
pipeline, illustrating how these inter-body electrical and acoustic signals can be processed to achieve the sensing objectives.
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4 MAMMAL SENSING PRINCIPLE

To address these challenges and enable non-invasive sensing of the target objectives, Mammal is designed to
use the caregiver’s body as a sensing interface, grounded in the principle of inter-body signal transmission.
Specifically, when the infant latches, mouth-to-breast contact forms two coupled pathways (Fig. 2a):

Electrical pathway: The moist oral seal and compliant soft tissue create a low-impedance conductive pathway
between infant oral tissue and the nipple—areolar skin. This pathway allows infant bio-potentials (including
ECG) to be conducted onto the caregiver’s body surface. As a result, electrodes that measure differential potential
between the infant and caregiver can derive an inter-body ECG channel that contains a mixture of attenuated
caregiver ECG and infant ECG component.

Mechanical/acoustic pathway: When the infant seals and applies suction on the nipple—areolar complex,
the nipple, infant oral tissues, and caregiver breast tissue become mechanically coupled, creating a pathway for
vibration and pressure fluctuations to propagate across the contact. Sucking can thus generate micro-vibrations
at the nipple contact, and swallowing can introduce brief, impulse-like vibration to the caregiver’s body when
the bolus is transported through the oral-pharyngeal structures.

Together, these pathways provide complementary observables that support Mammal’s sensing objectives
(Fig. 2b). First, latch onset can be indicated by the emergence and strengthening of inter-body electrical coupling,
which should be distinguishable from incidental skin-to-skin contact due to the low impedance of mouth-to-breast
contact. Second, infant heart rate is expected to be measurable, given the infant ECG component lies in the
inter-body ECG. Third, SSB ratio can be estimated by inferring breathing-related modulation from infant ECG
and detecting suck and swallow from inter-body acoustics, then aligning their timing. Finally, milk intake can
be estimated by aggregating per-suck milk transfer from detected sucks using the relationship between milk
transfer rate and inter-suck interval [9].

5 EXPERIMENTS - INTER-BODY TRANSMISSION CHARACTERIZATION

Despite the promise of this sensing principle, its feasibility relies on three assumptions that are not yet well-
characterized. First, mouth-to-breast contact establishes a distinguishably stronger electrical coupling than general
skin-to-skin contact, owing to the lower contact impedance introduced by oral moisture. Second, inter-body ECG
signals remain stable despite continuous movements caused by infant sucking during feeding. Third, sucking-
and swallowing-induced acoustic signals are able to propagate to the caregiver’s body and remain detectable
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despite attenuation at the mouth-to-breast contact. To address these assumptions, we conduct two experiments
to characterize how electrical and acoustic signals may transmit across the mouth-to-breast contact.

5.1 Experiment 1 - Inter-body ECG Transmission

The goal of this study is to investigate how ECG signals transmit across the two human bodies during breastfeeding.
We aim to examine the strength and stability of ECG signals transmitted through the mouth-to-breast contact,
and compare it with general skin-to-skin transmission. However, due to the intimate nature of breastfeeding
and the difficulty of maintaining controlled conditions with real caregiver—infant dyads, we instead evaluate
inter-body ECG transmission by comparing mouth-to-skin contact with skin-to-skin contact with adult dyads to
approximate the scenario.

Experiment Setup. In our study, we recruited 8 adult participants (6 males, 2 females, aged 21-28) and formed
4 dyads. Each dyad of participant was tested under three contact conditions: (1) stable mouth-to-skin contact,
where one participant gently touched the lip to the back of the other’s hand; (2) mouth-to-skin contact with
rhythmic sucking motions, performed on the same hand location; and (3) general skin-to-skin contact, where
participants held hands. Each condition was held for 5 minutes. This experimental design allows comparative
analysis of signal strength and stability across conditions relevant to real breastfeeding interactions.

To collect inter-body and individual ECG signals, we used the OpenBCI Cyton Biosensing Board [62]. For
inter-body ECG, a ground and positive electrode, both made from conductive textile (Adafruit, Knit Conductive
Fabric [1]), were attached to one participant’s hand, representing the caregiver. The negative electrode, also
textile-based, was held by the other participant to simulate the infant. This configuration establishes an inter-body
electrical pathway, allowing us to measure how ECG signals transmit between bodies under different contact
conditions. For individual ECG, we recorded each participant’s clean, unmixed cardiac signal using a bipolar
limb-lead I (Lead I) configuration, with two adhesive electrodes (Kendal, ECG Electrodes [63]) placed on the right
and left upper arm and a third electrode serving as ground [87, 107]. We selected this configuration instead of a
3-lead chest placement because our goal was not full diagnostic ECG acquisition, but capture of QRS-dominant
cardiac timing features for downstream heart-rate and respiration-rate inference [70, 97, 106].

Data Analysis. To analyze the collected data, we first applied a 4th-order Butterworth band-pass filter (2—
37 Hz) to all ECG signals, removing baseline drift and high-frequency noise. To examine whether mouth-to-skin
contact exhibits stronger electrical coupling than general skin-to-skin contact, we quantify inter-body contact
impedance using ECG signal characteristics. Specifically, we detected peaks from the inter-body ECG signal as
well as from each individual ECG signal. These peaks correspond to the R peaks, which represent ventricular
depolarization and are the most prominent features in an ECG waveform. In theory, R-peak amplitudes observed
in the inter-body ECG are attenuated relative to those in individual ECGs because electrical transmission between
bodies occurs through a contact interface that introduces additional impedance. To quantify the strength of
this coupling, we computed the ratio between the R-peak amplitude measured in an individual ECG and that
measured in the mixed inter-body ECG. This R-amplitude ratio serves as a proxy measure of inter-body electrical
coupling strength and is defined as:

R-Amplitude Ratio(t) = M.
AR,individual ( t)

where AR jndividual (t) denotes the R-peak amplitude from either individual’s ECG at time ¢, and AR jnter—body (£)
denotes the corresponding R-peak amplitude in the inter-body ECG signal. To mitigate fluctuations caused by
beat-to-beat variability and interference from the other participant’s cardiac activity, R-amplitude ratios were
averaged over 10 seconds. Ratios were computed for each participant regardless of whether they performed the
mouth contact or served as the receiving body.
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Fig. 3. Study setup and exemplary ECG signals recorded in Experiment 1 under three contact conditions: (a) general skin-to-
skin contact (hand holding), (b) static mouth-to-skin contact, and (c) mouth-to-skin contact with rhythmic sucking motions.

In addition to that, we also evaluated whether inter-body ECG signals remain stable during movement (e.g.,
rhythmic sucking). To quantify this, we assessed R-peak detection accuracy using Pan-Tompkins algorithm [65]
under the sucking condition. Note that reliable R-peak detection is important because R peaks serve as the
primary reference for deriving key physiological metrics, including heart and respiration rate. Respiration is
inferred through respiratory sinus arrhythmia and the modulation of R-R intervals [7]. Thus, stable R-peak
detection under the sucking condition can indicate that inter-body ECG signals maintain sufficient signal quality
for downstream physiological inference.

Results. Our results show that individual ECG signals can be transmitted through all three tested contact
conditions. Notably, inter-body ECG coupling is significantly stronger during mouth-to-skin contact (R-amplitude
ratio: mean = 0.91, SD = 0.03) compared to general skin-to-skin contact (mean = 0.64, SD = 0.07). In addition,
the mouth-to-skin R-amplitude ratio remained similar with and without sucking (with sucking: 0.94; without
sucking: 0.91). This suggests that oral physical contact itself, rather than active sucking, is the primary factor
contributing to stronger coupling. Therefore, the R-amplitude ratio may serve as a useful indicator for identifying
latch onset during breastfeeding.

For R-peak detection, we found that rhythmic sucking introduces observable temporal fluctuations in signal
amplitude but does not substantially degrade detection performance (F1 score mean= 0.94, SD = 0.06). Fig. 3
illustrates an example from one participant dyad. During general skin-to-skin contact (Fig. 3a), the mixed inter-
body ECG exhibits low-amplitude R peaks, indicating weaker electrical coupling. In contrast, during mouth-to-skin
contact (Fig. 3b), the transmitted R peaks are noticeably larger and more distinct, reflecting stronger coupling
and lower contact impedance. Even when rhythmic sucking is present, causing visible fluctuations in baseline
and peak amplitude, the majority of R peaks remain detectable, supporting the inter-body ECG sensing under
realistic feeding-related motion.
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5.2 Experimental Study 2 - Inter-body Acoustic Transmission

The objective of this study is to understand how acoustic signals, generated by sucking and swallowing, propagate
across the inter-body contact interface. Prior research has demonstrated that these events can be reliably detected
using contact microphones placed on the user’s cheek [4, 68] and throat [110]. In our work, we aimed to compare
the acoustic signals captured after transmission through the mouth-to-breast contact with those recorded directly
from a microphone attached to the throat, which served as the ground-truth reference. This comparison allows
us to evaluate how much of the original acoustic signature remains after transmission through soft tissue and
inter-body coupling.

Experiment Setup. Similar to the ECG study, we did not conduct this experiment with real caregiver—infant
dyads due to ethical and practical constraints. Instead, we used a silicone artificial breast (Vollence, Silicone
Breast [100]) as a controlled and repeatable benchtop testbed for preliminary characterization. This homogeneous
model cannot fully capture the acoustic damping behavior of human breast tissue. However, existing breast
phantoms are primarily designed for ultrasound imaging rather than audible-band body-sound propagation
during breastfeeding. Given this limitation, the silicone model is a reasonable alternative because it provides a
soft, deformable, and lossy medium with a breast-like form factor. Similar silicone models are commonly used as
educational and training phantoms [25, 74, 94].

We recruited 5 adult participants (3 males, 2 females, aged 21-27) and instructed each participant to perform
three consecutive actions 10 times on the model: (1) hold, (2) suck, and (3) swallow. Because direct swallowing on
the silicone breast does not involve fluid intake and thus may not fully reproduce natural swallowing acoustics,
we modified the model by integrating a water bottle (Fig. 4a) that allows participants to actually drink water
during the task. To collect acoustic signals, we attached one contact microphone (TE Connectivity, CM -01B [90])
to the participant’s throat to capture ground-truth swallowing acoustics, and placed a second contact microphone
on the silicone breast to record the cross-body transmitted acoustic signals. Both microphones were connected to
an oscilloscope (Analog Discovery 3 [20]) sampling at 2000 Hz. This setup allows direct comparison between the
original swallowing and sucking sounds and the attenuated signals measured through the inter-body interface.

Data Analysis. All acoustic signals were first high-pass filtered (a 4th-order Butterworth high-pass filter
with cut-off frequency of 15 Hz) to remove DC offset and low-frequency motion artifacts. We then manually
segmented the signals into individual event windows corresponding to holding, sucking, and swallowing actions,
using a fixed window size of 500 ms centered around each event onset. For each segmented window, we computed
the frequency-domain representation using a Fast Fourier Transform (FFT) to obtain the power spectrum. Then,
we then quantified signal-to-noise ratio (SNR) by comparing the spectral power of sucking or swallowing events
to that of holding events, which served as a baseline noise reference. SNR values were then averaged across
participants to characterize the acoustic signatures of sucking and swallowing.
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Fig. 4. (a) Experiment 2 setup. (b) Average SNR of sucking and swallowing sounds via inter-body transmission.
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Results. Fig. 4b shows the average signal-to-noise ratio (SNR) for sucking and swallowing across the 0-1000 Hz
band, computed from the two microphone placements (breast-mounted vs. throat-mounted). Despite attenuation
relative to throat measurements (ASNR = -8.30 dB for sucking and ASNR = -11.64 dB for swallowing), both sucking
and swallowing signals remain observable at the breast model. Sucking exhibits a predominantly low-frequency
signature (< 100 Hz). However, its spectral characteristics, especially between 0-60 Hz, slightly differ between
breast and throat measurements because sucking directly applies mechanical pressure to the breast, inducing local
tissue vibration in addition to bio-acoustic signals originating from the infant’s mouth. In contrast, swallowing
shows higher-frequency components (100-1000 Hz), with more similar spectral profiles between throat and breast
measurements (r = 0.84), suggesting that swallowing-related acoustic vibrations propagate through the oral
structures, nipple, and breast model. These results indicate the feasibility of capturing sucking and swallowing
related events from breast-mounted acoustic sensing, supporting inter-body acoustic transmission as a viable
sensing mechanism.

5.3 Experiment Summary and Sensing Challenges

Through the two experiments, we verify three key assumptions. First, mouth-to-skin contact indeed results in
stronger electrical coupling than general skin-to-skin contact, with higher R-peak amplitude ratios between
individual and inter-body ECGs. Second, the rhythmic movements induced by sucking though introduce temporal
fluctuations in inter-body ECG amplitude, but do not disrupt R-peak detectability, indicating that core cardiac
features remain observable under realistic feeding-related motion. Third, acoustic signals generated by sucking
and swallowing remain observable on the caregiver’s body despite attenuation.

These findings also reveal three sensing challenges that must be addressed for the caregiver-worn sensing
system.

o Although R-peak amplitude ratios can be used to detect mouth-to-skin contact, reliably establishing an inter-
body electrical pathway during natural breastfeeding remains challenging. This requires ergonomically
designed garments that facilitate consistent contact between the infant’s body (e.g., hand or foot) and at
least one ECG electrode.

e While sucking-related motion does not disrupt R-peak detectability, separating infant ECG from inter-body
ECG remains challenging due to baseline and amplitude fluctuations induced by rhythmic sucking.

o Because sucking and swallowing signals are attenuated at the caregiver’s body, reliably identifying their
acoustic signatures under noise and motion is also challenging.

6 MAMMAL DESIGN

To address the challenges, we design Mammal, a hardware—software co-design solution for noninvasive breast-
feeding monitoring. In the following sections, we first describe the hardware design of the garment and then
explain how the system achieves the sensing objectives through analysis of the collected signals.

6.1 Garment Design

The design of the Mammal garment is guided by three primary design goals: (1) to avoid placing sensors or circuit
boards directly on the infant by embedding all sensing components into a caregiver-worn garment; (2) to ensure
sensing and ergonomic comfort across diverse breastfeeding postures and contexts; and (3) to preserve a familiar
nursing-garment form factor that supports natural, unobstructed breastfeeding routines.

To meet these design goals, we first examine how breastfeeding is typically performed. We conducted interviews
with three breastfeeding mothers and reviewed established lactation guidelines [103], deriving three design
considerations:
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Fig. 5. Garment design and sensor placement. (a) Five common breastfeeding postures, highlighting infant contact near the
waist (green). (b)) Mammal garment design and sensor layout (front/back). (c) Example of natural infant hand contact near
the waist during breastfeeding and mouth-skin contact. Blue and red dashed lines schematically indicate the caregiver-side
and infant-side inter-body ECG electrical pathways, respectively.

e Supporting Five Feeding Postures. There are five common breastfeeding postures, including cradle,
cross-cradle, football, laid-back, and side-lying. They are illustrated in Fig. 5a. Caregivers usually choose
one posture at the beginning of a feeding session based on personal preference and situational needs (e.g.,
available cushions or seating). Once selected, the posture is usually maintained for the entire session to
keep the infant settled and avoid disrupting the latch. Accordingly, our garment must support sensing
across all five postures without requiring repositioning of sensors during feeding.

o Accommodating Left-Right Breastfeeding. Caregivers commonly alternate between the left and right
breast across feeding sessions to balance milk supply and reduce nipple discomfort. During each session,
only the nursing breast is typically exposed, while the rest of the torso remains covered for comfort,
warmth, and privacy. Therefore, the garment must support sensing on either breast without requiring
manual repositioning or additional exposure of the caregiver’s body.

e Working with Limited Infant Skin Exposure. Depending on temperature and context, many infants
breastfeed while wearing clothing, especially out of home, leaving only the head, hands, and feet uncovered.
As aresult, the exposed electrode for inter-body ECG sensing must be carefully positioned to ensure natural
contact with the expose infant skin.

Based on these considerations, we design a garment prototype in the form factor of a nursing tank top, as
shown in Fig. 5b. This garment prototype integrates three sensing channels:

Inter-body ECG channel. This channel uses a pair of textile electrodes to capture inter-body ECG signals.
One electrode is exposed to enable natural contact with the infant’s skin, while the other rests against the
caregiver’s torso to form a conductive pathway across both bodies. To promote infant contact regardless of
breastfeeding side, we place exposed electrodes symmetrically on the left and right waist. This placement is
informed by our posture analysis, which shows that across common breastfeeding postures the infant’s hands
frequently rest or move in these regions while grasping the caregiver’s clothing. Because the hands are often
uncovered, these interactions create opportunities for skin contact (Fig. 5¢). The other measurement electrode is
positioned on the caregiver’s upper back, adjacent to the micro-controller so the electrical pathway traverses
both bodies and enables inter-body ECG capture during feeding. In addition, a bias electrode is placed near the
caregiver’s shoulder blade and connected to the Cyton BIAS output for common-mode noise rejection. Unlike the

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 194. Publication date: September 2026.



194:12 « Zhaoet al.

‘J\/ b . Segment]l Segment2 ¥ T

Inter-body D ; w—"\—%‘% D (Dot )y (2) - i Separated Infant

ECG v(1) ! D output | ECG s(t)
Dyt Dol Do)

IkT
VAN oW §D3 f AJ\/‘ ?[DW ~ D32 A\~ ][WZkT]
Iéecfgen;)e Dy AN DA Dy@ A~

A A g

Fig. 6. Overview of the ECG separation pipeline.

measurement electrodes, this electrode acts as a driven-bias feedback electrode to helps reduce common-mode
noise and stabilize body potential during acquisition.

Caregiver-reference ECG channel. Because the inter-body ECG channel contains both infant ECG and
caregiver ECG, we include a caregiver-reference ECG channel to measure the caregiver-only component for ECG
separation and noise canceling. This channel uses another pair of textile electrodes placed above the left and
right waist near the lateral breast. These locations are above the exposed inter-body ECG electrodes, yielding
similar conductive-trace routing. As a result, conductive-line noise is captured in the caregiver-reference ECG
measurements, supporting suppression of shared noise components when separating infant ECG from inter-body
signals.

Acoustic sensing channel. To capture inter-body acoustic signals, a small rigid contact microphone is placed
at the lower central region of the breast to support both left- and right-side breastfeeding. This region often aligns
with structured or lightly padded areas of nursing bras, reducing wearer discomfort. To improve acoustic coupling,
the microphone is integrated into a soft, compressive elastic band [101] that maintains gentle, continuous contact
with the skin. The band can be routed through the bra’s lower cup seam to provide stable pre-load without
pressure points, enabling consistent capture of sucking and swallowing vibrations.

All sensing channels are routed along the underbust seam to the upper back and connect to a microcontroller
housed in an upper-back pocket, keeping the front unobstructed for caregiver—infant contact during breastfeeding.

6.2 ECG Separation and Noise Canceling

With the garment design, our next step is to develop an algorithm to separate the infant ECG component from
the inter-body ECG signal (Fig. 6). Following the signal model introduced in prior work [79], we express the
infant ECG component (Sinfant (¢)) as:

sinfant(t) = ymix(t) - Wk ucaregiver(t) - mine(t) - Ucontact(t)» (1)

where ymix () denotes the inter-body mixed ECG signal measured on the garment, ucaregiver (¢) represents the
theoretical caregiver ECG component contributing to the inter-body signal (rather than a directly captured
reference ECG), w models the coupling strength of caregiver ECG into the inter-body signal, njin(t) is noise
introduced by conductive traces and wiring in the garment, and contact (¢) represents other motion-induced
contact noise during caregiver—infant interaction.

In practice, the caregiver ECG measured on the garment is not a clean reference signal (Ucaregiver(t)), but
contains conductive-line noise profile (yjine(¢)). In addition, different ECG components at distinct frequency
bands experience different inter-body coupling strengths across the caregiver—infant contact, making a single
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scalar weight w not enough to model the process. To address this challenge, a typical approach is to decompose
the measured caregiver ECG signal into multiple frequency subbands using a discrete wavelet transform (DWT),
and to assign independent weights to each subband to model their respective contributions to the inter-body
ECG signal. Accordingly, the infant ECG can be represented as:

Sinfant (1) = Ymix (2) — [Dl(t): Dz(t),D3(t),D4(t),A4(t)]WT — Neontact (1), (2

where {D1, Dy, D3, Dy, A4} denote the detail and approximation component obtained from a multi-level DWT of
the caregiver ECG component measured on the garment, and w is a vector of subband-specific weights.

However, during breastfeeding, rhythmic sucking and body movement further induce time-varying changes in
inter-body coupling. To account for this nonstationarity, we divide each 1-second analysis window into n shorter
temporal segments and estimate time-local subband weights for each segment:

n

k k k k k
Sinfant (1) = Ymix() = Y [P (1), DY (1), DI (1), DY (1), AL (1) | W, = necomtact (1), (3)
k=1

where wy denotes the subband weight vector corresponding to the k-th temporal segment and n is 2 in our
implementation based on empirical results. To track time-varying inter-body ECG coupling dynamics during
feeding, these weights are updated online using an adaptive filter based on the Normalized Least Mean Squares
(NLMS) algorithm [73]. This update allows the system to enable a more feeding-robust estimate of the infant
ECG.

DeScoD-ECG Denoising. Despite temporal-segmented adaptive separation, the estimated infant ECG may still
contain residual motion-induced contact noise f¢ontact (t). To suppress this noise, we apply a deep learning-based
denoising model, DeScoD-ECG [42]. Unlike a fixed filter on the separated waveform, DeScoD-ECG learns the
conditional distribution of clean ECG signals from noisy observations and reconstructs cleaner signals through
an iterative reverse diffusion process. To avoid unnecessary denoising, we selectively activate DeScoD-ECG only
when the short-time energy of the separated infant ECG, computed over a 1 s window, exceeds the average
energy of the caregiver ECG within the same window. Empirically, under normal coupling conditions, the infant
ECG component observed in the inter-body signal is typically weaker than the caregiver ECG. Therefore, if
the separated infant ECG has unusually high energy relative to the caregiver reference, it is likely to contain
substantial residual contact-related contamination rather than purely infant cardiac activity. When this condition
is met, we apply the adapted DeScoD-ECG model to 0.5 s windows to suppress morphology-corrupting residual
noise while preserving local heartbeat structure.

6.3 Sucking and Swallowing Detection

To estimate the SSB ratio, one of the key sensing objectives, we must not only infer infant ECG but also identify
sucking and swallowing events from inter-body acoustic signals. Based on findings from Experiment 2, which
reveal distinct and separable frequency ranges for sucking and swallowing acoustics, we design a multi-stage
signal processing pipeline that leverages frequency-domain separation and event-level analysis, as shown in
Fig. 7.

In this pipeline, we first apply a level-5 Meyer Discrete Wavelet Transform to decompose the inter-body
acoustic signal a(t) into multiple frequency subbands, enabling separation of physiologically distinct acoustic
components based on their frequency spectral characteristics:

5
a(t) = ) D;(1) + As(1), )

Jj=1
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Fig. 7. Overview of the algorithm for sucking and swallowing detection.

where D;(t) denotes the detail coefficients at level j and As(t) represents the lowest-frequency approximation
component.

The lowest-frequency approximation subband As, capturing frequencies below approximately 16 Hz, is excluded
from further analysis, as it is dominated by low-frequency physiological activity such as heart sounds and
respiration-induced body motion, which are not informative for feeding event detection.

Among the remaining detail subbands, D4 and Ds primarily capture mid-frequency components, corresponding
approximately to the range 31-125 Hz, which are associated with rhythmic oral-motor movements during
feeding. As shown in Experiment 2, these subbands exhibit frequency signatures that align with infant sucking
behavior and are therefore used for sucking event detection. In contrast, higher-frequency subbands Dy, D,, and
Ds, spanning frequencies above approximately 125 Hz, emphasize short-duration, transient acoustic events with
sharper temporal signatures. These characteristics are consistent with swallowing sounds produced by rapid
bolus transfer and airway closure, and these subbands are thus used for swallowing event detection.

To enable robust event detection, we adopt a feature-driven online fuzzy clustering pipeline [23]. This pipeline
avoids fixed thresholds, which are brittle when signal amplitude varies with sucking strength and caregiver
movement. Specifically, we analyze sucking and swallowing separately within their respective frequency bands.
Within each band, we slide a 0.3-s rolling window over the reconstructed subband signal and compute a 14-
dimensional feature vector for every window. The feature set includes time-domain statistics (e.g., peak amplitude,
duration, temporal symmetry), spectral descriptors (e.g., subband energy, spectral centroid), and wavelet-based
measures (Table 1). These features provide a more stable representation than raw amplitude alone. To translate
features into detections, we maintain two fuzzy clusters, respectively for sucking and swallowing detection. The
cluster centers are initialized using 20 manually annotated sucking and swallowing samples collected from a
pilot caregiver—infant dyad. As each window arrives, we compute its soft membership to both clusters, yielding
a continuous event-confidence score. We classify the window as an event when its maximum membership
exceeds 0.85. This value was selected empirically in pilot study and then held constant across all sessions and
participants. Otherwise, it is treated as motion-induced noise. After scoring each window, we update the cluster
centers incrementally using the window’s memberships. This online adaptation allows the model to track gradual
changes in artifact level and signal strength without session-specific labeling, manual recalibration, or threshold
adjustment. As a result, the detection pipeline generalizes across participants and sessions, while still automatically
adapting to the signal characteristics of the ongoing session.

6.4 Physiological and Feeding State Inference

Latching Onset and Duration. To identify latch onset and estimate latch duration, we compute the average
R-amplitude ratio between the caregiver ECG and the inter-body ECG. When this ratio exceeds an empirically
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Table 1. Summary of the 14-dimensional feature vector. Features are grouped by domain to capture temporal, spectral, and
morphological characteristics.

Domain Features Rationale
Time RMS, Crest Factor, ZCR, Duration, Captures signal energy, impulsiveness, noisiness, and
Skewness, Kurtosis probability distribution shape.

Frequency Spectral Centroid (F;), Peak Freq, Distinguishes low-freq bolus sounds from friction; iden-
Bandwidth tifies dominant spectral components.

Time-Freq Wavelet Energy Ratios, Wavelet En- Measures energy distribution across sub-bands and sig-
tropy (WE) nal complexity.

Periodicity ACF Peak Magnitude, Burst Regu- Quantifies rhythmicity and rejects periodic noise (e.g.,
larity (CV) mains hum).

determined threshold (0.8), we infer the presence of mouth-to-breast contact and generate a binary latch-state
signal indicating latch (1) or no latch (0). The transition from 0 to 1 is marked as the latch onset. To estimate latch
duration, we apply a temporal morphological closing operation with a structuring element of 0.8 s (determined
from pilot study [79]) to the binary latch-state signal. This operation suppresses spurious state transitions caused
by brief signal dropouts or motion-induced noise while preserving sustained latch periods. The final latch duration
is computed as the total length of contiguous segments in the resulting smoothed latch-state signal.

Heart Rate Inference. We compute the infant’s heart rate from the separated infant ECG signal. Specifically,
we apply the well-established Pan-Tompkins algorithm to detect QRS complexes in the ECG signal [17, 65]. The
detected R-peaks are then used to compute inter-beat (RR) intervals. The instantaneous heart rate is calculated
using a sliding window of ten consecutive RR intervals as:

60
H=Tsma ©)
10 &i=1"1
where d; denotes the duration (in seconds) of the i-th RR interval, and ten RR intervals are used to detect heart
rate changes in infants.
In addition to average heart rate, we also compute the heart rate variability (HRV) metric from the RR interval
sequence to characterize beat-to-beat fluctuations. Specifically, we calculate the root mean square of successive

differences (RMSSD) as:

N-1
1
RMSSD = | —— diy — d))%, 6
N_1i§:1(+1 ) (6)

where d; denotes the i-th RR interval, and N is the number of RR intervals used for computation.

SSB Ratio Estimation. The SSB ratio is a commonly used indicator of an infant’s neuromuscular coordination
during breastfeeding. In Mammal, we estimate SSB by combining (1) sucking and swallowing events from
inter-body acoustics and (2) breathing events inferred from respiration-induced modulation of the separated
infant ECG. To estimate breathing from the separated infant ECG, we exploit the fact that respiration modulates
ECG through mechanisms such as baseline wander, amplitude modulation, and frequency modulation (FM). We
adopt an FM-based approach that leverages respiration-linked modulation of cardiac timing. We detect R-peaks
from the separated ECG, compute the inter-beat-interval (IBI) series IBI; = #;11 — t;, resample the IBI series to
a uniform grid, and compute its spectrum (FFT). The dominant peak within a physiologically plausible infant
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respiration band (0.5-1.2 Hz) is selected as the breathing frequency fresp. We then apply a 4th-order Butterworth
band-pass filter with cut-off frequencies of 0.5-1.2 Hz to the resampled IBI series. We identify breath events from
the filtered IBI-derived respiratory waveform using local-maximum peak detection. The minimum peak-to-peak
distance is set to 1/1.2 s, corresponding to the upper bound of the infant respiration band (0.5-1.2 Hz), to avoid
double-counting within one respiratory cycle. Each retained local maximum is treated as one breathing event.

Given detected sucking, swallowing, and breathing events, we compute the instantaneous SSB ratio using
breath-centered temporal windows. Specifically, for each detected breathing event at time ¢;, we count the number
of sucking and swallowing events occurring in the preceding 10 s interval [t, — 10, t}). This yields a per-breath
SSB triplet:

SSB(tb) = Nsuck(tb) : Nswallow(tb) 11, (7)
where Nk (£p) and Ngwallow (1) are the counts of sucking and swallowing events in [#;, — 10, t;), and the breathing
count is fixed to 1 for that breath-centered window.

However, because breathing detection is based on rhythmic patterns, the instantaneous per-breath SSB ratio
can be noisy. We therefore compute an aggregated SSB ratio by pooling event counts across multiple breaths
within a longer interval (e.g., a 10 s window). We sum the detected sucking and swallowing events across all
breath-centered windows in the interval and normalize by the total number of breaths, reporting the resulting
average sucks-per-breath and swallows-per-breath as the SSB ratio.

Breastmilk Intake Estimation. We estimate breastmilk intake by summing the milk transferred, using the
established relationship between milk transfer and inter-suck interval (ISI) [9]. Specifically, the ISI, defined as the
time between consecutive sucks, is related to milk flow. Shorter ISIs are associated with little or no milk transfer
(i.e. non-nutritive sucking), whereas longer ISIs tend to indicate greater milk transfer (i.e. nutritive sucking).
Based on this relationship, we estimate milk transfer for each suck from its ISI and sum these estimates over the
feeding session to obtain total breastmilk intake.

Following the linear model in prior work [9], milk transferred per suck (m, g/suck) is related to ISI (ms) as:

m - min (IS, cap) — a, ®)
b
where the prior work reported a = 578, b = 776, and the ISI cap = 1300 ms. We compute ISI over successive sucks
within a session and apply the model to estimate milk transferred per suck. Session-level milk intake is then
estimated by aggregating per-suck transfer:
Nsuek

M(g) =) m )
i=1

where N,k is the number of detected sucks. This approach provides breastfeeding-compatible estimation from
caregiver-worn sensing without requiring bottle feeding or test-weighing during use.

7 MAMMAL IMPLEMENTATION

Nursing Garment. We collaborated with professional apparel designers to implement a custom nursing tank top
that integrates sensing components while preserving comfort and everyday wearability. The garment features a
detachable front panel that can be opened using a double-clip mechanism, allowing caregivers to expose the
breast for latching with a single hand. This design enables feeding access without lifting or removing the entire
garment, helping maintain stable positioning of the embedded sensors during breastfeeding.

Textile electrodes are fabricated using knit conductive textile material [1] (electrode area: 76.2 mm X 76.2 mm;
thickness: 0.5 mm), selected for its skin compatibility, flexibility, and wash durability. Acoustic sensing is performed
using a miniature contact microphone [90], which is attached to an elastic band [101] using a fabric tape to
enhance mechanical coupling to the body.
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Sensor transmission lines are routed using parallel zig-zag stitching with silver conductive thread [2] along the
underband region of the garment, which runs underneath the cups and around the torso. This routing strategy
leverages a mechanically stable region of the garment, improving signal stability while minimizing wearer
discomfort. The transmission lines terminate at a low-profile 10-pin flexible printed circuit (FPC) connector [19]
positioned on the back of the garment, providing a reliable electrical interface to the microcontroller unit (MCU).
To further enhance comfort around the electronics, we added a 5 mm-thick soft foam backing beneath the MCU
enclosure to distribute pressure and prevent localized discomfort during wear.

Micro-Controller Unit. We use an off-the-shelf OpenBCI Cyton board as the main controller, powered by
a 3.7 V, 500 mAh LiPo battery, for synchronized ECG and contact-microphone sensing. The system consumes
approximately 185 mW (3.7 V, 50 mA) during continuous operation and can last for 10 hours. In the default
wireless mode, the Cyton samples and wirelessly transmits data at 250 Hz via the USB dongle receiver [61]. This
rate is sufficient for ECG monitoring but is too low to capture short acoustic events (e.g., swallowing). Therefore,
the wireless mode is only used for real-time data visualization. For recording both ECG and acoustic signals, we
deploy the SD-card logging firmware [64] on the Cyton and increase the sampling rate of acoustic signals to
2000 Hz, which preserves signal components up to 1 kHz under the Nyquist limit, which requires the sampling
frequency to be at least twice the target signal frequency.

We assign Cyton channels 1, 4, and 8 to the inter-body ECG channel, the caregiver-reference ECG channel,
and the contact microphone, respectively. The contact microphone is powered from the Cyton’s voltage output
(Vout) and its analog output is sampled by the Cyton. The garment’s bias electrode (electrode area: 80mm x
80mm thickness: 0.5mm) was connected to the Cyton BIAS output to provide driven common-mode feedback
and reduce common-mode noise during ECG acquisition.

Analysis. We implement a post-processing pipeline in MATLAB to synchronize and transform raw sensor
signals into session-level metrics.

8 EVALUATION

The goal of this study is to understand the performance of Mammal with real caregiver-infant dyads. We also
aim to understand user comfort, wearability, and usability.

8.1 Participant

We recruited 10 caregiver—infant dyads. Caregivers ranged in age from 26 to 39 years, and reported bra sizes
ranged from 32C to 44DDD. Infants ranged in age from 2 to 15 months at the time of the study. 6 were male
and 4 were female. All infants were born at term and were actively breastfeeding, with no known feeding or
cardiopulmonary disorders. All procedures were approved by the institutional review board, and informed consent
was obtained from caregivers. Each caregiver received a $50 gift card in compensation for their participation.
Detailed participant demographics are summarized in Appendix A.1.

8.2 Procedure

Because breastfeeding is private, all sessions were conducted in a dedicated private clinical research space. Upon
arrival, caregivers were introduced to the study space and procedure, given an opportunity to ask questions and
choose to sign the consent form or not. Caregivers were then instructed to wear the Mammal garment and adjust
the shoulder strap to ensure proper fit and comfortable skin contact between the garment electrodes and the
caregiver’s body. Caregivers were also instructed on how to use a mobile application to provide ground-truth
annotations of latch events and sucking activity during the study. The study comprises three sessions totaling
25-55 minutes.
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Session 1: Breastfeeding Preparation (5 minutes). During this session, caregivers were given time to
prepare for breastfeeding in their usual manner. Preparation activities included weighing pre-feeding infants,
selecting and uncovering the breast to feed from, choosing a comfortable breastfeeding posture, positioning
the infant, and holding or calming the infant through hand or body. A breastfeeding couch and a long chair
were available to accommodate different feeding postures (Appendix A.2). The Mammal garment continuously
collected data during this period to assess potential false-positive latch detections prior to the onset of active
breastfeeding.

Breastfeeding session (10-40 minutes). During this session, caregiver-infant dyads engaged in active
breastfeeding. Breastfeeding duration varied from 16 to 33 minutes depending on infant state and maternal milk
availability. Caregivers were free to pause breastfeeding or switch breasts as needed. Throughout the session,
caregivers used a dedicated mobile application to annotate latch onset and infant sucking events by pressing
on-screen buttons. Caregivers could request assistance from experimenters outside the room at any time if
needed.

Interview session (10 minutes). Following the breastfeeding session, caregivers continued to wear the
Mammal garment but covered the breast using the garment’s double-clip mechanism. They first measured post-
feeding weight for infants and then participated in a semi-structured interview that assessed comfort, wearability,
and usability, and gathered caregivers’ perceptions of the system during breastfeeding.

8.3 Data Collection

Throughout the study, the Mammal garment continuously collected raw signals from inter-body ECG channel,
caregiver-reference ECG channel, and embedded acoustic sensor. To obtain ground-truth data, we used a multi-
modal strategy that combined (1) caregiver manual annotation, (2) external monitoring, and (3) an infant-worn
sensing device. Specifically, caregivers used the mobile application to record latch onset and duration, as well
as infant sucking events, during breastfeeding. This is because caregivers were directly able to perceive latch
and sucking through physical contact. Swallowing events were captured via external audio monitoring using a
shotgun microphone (RIDE NTGS5 [71]) pointed to infant’s head and neck. Because the room was equipped with
noise control and designed to simulate a hospital-style clinical research environment, the microphone was able
to capture swallowing sounds clearly with minimal environmental artifacts. We adopted this approach because
placing sensors around the infant’s head or neck was not permitted without additional IRB risk assessment,
and video recording was not allowed due to privacy considerations. Swallowing events were identified using
a state-of-the-art audio-based swallowing detection algorithm [82, 91], and events with low confidence were
subsequently reviewed and confirmed by a trained medical student. For infant ground-truth heart rate and
breathing rhythm, we used an open-source Photoplethysmography (PPG)-based smartwatch (Bangle.js [6]) worn
on the infant’s ankle. We chose this device because it is more comfortable and infant-friendly than clinical ECG
monitors, and because commonly used FDA-cleared infant monitors typically report only averaged values and do
not provide fine-grained, time-domain respiratory signals needed to compute a ground-truth SSB ratio. By logging
raw Bangle.js signals and analyzing them with respiratory-induced frequency variation (RIFV) [18] algorithms,
we can derive fine-grained pulse rate and breathing rhythm. For healthy individuals, these PPG-derived estimates
closely track ECG-derived metrics [102]. To validate this setup, we conducted a calibration study with five adult
participants wearing both the Bangle.js device and an FDA-approved pulse oximeter [50]. The results showed
that heart rate and respiration rate measurements from the two devices differed by less than 1%, consistent with
prior work comparing Bangle.js with medical-grade sensors [69]. Finally, for infant ground-truth intake, we used
pre- and post-feeding infant weight measurements.
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8.4 Sensing Performance

We examined the sensing performance of Mammal across all 10 caregiver—infant dyads using the evaluation
metrics described below. Table 2 summarizes Mammal’s overall sensing performance across the 10 breastfeeding
recordings. The table provides both ground-truth quantities and Mammal’s estimated outputs for each sensing
task, while detailed per-session results are reported in Appendix A.3.

Table 2. Overall sensing performance across the 10 breastfeeding recordings.

Sensing target Ground truth Overall performance

Latch onset detection NgT = 102 annotated latch onsets P/R/F1=0.93 £0.07 / 0.93 £ 0.08 / 0.93 + 0.05

Latch duration estimation = Total GT latch duration = 239 min MAPE =5.56 + 2.87%

Infant heart-rate estima- PPG-derived infant HR trajectory MAE = 3.61 + 0.87 bpm

tion

Sucking detection NGt = 9897 annotated sucking events ~ P/R/F1=0.91+0.03/0.93 +0.03/0.92 + 0.03

Swallowing detection Ngr = 4283 annotated swallowing P/R/F1=0.92+0.03/0.93 +0.03/0.93 +0.03
events

Latch onset and duration. Across 10 breastfeeding sessions, we collected 102 latch-onset events and 239
minutes of breastfeeding data, along with 101 minutes of skin-contact sessions and 52 minutes of non-contact
periods.

To account for temporal uncertainty introduced by human annotation latency, we applied a tolerance window
when computing the event-level F1 score for latch onset detection. Specifically, latch onset detections were
considered correct if they occurred within 1.5 s of the caregiver-annotated timestamp. This tolerance corresponds
to three consecutive detection windows (preceding, current, and subsequent), given the system’s 500 ms detection
window.

Under this evaluation criterion, Mammal achieved a mean F1 score of 0.93 (SD= 0.05) for latch onset detection,
with a precision of 0.93 (SD= 0.07) and a recall of 0.93 (SD= 0.08). Fig. 8a shows the confusion matrix of latch onset
detection. During non-feeding periods, the system maintained a low false-positive rate of 1.70%, indicating robust
discrimination between latch and non-latch states. This is encouraging because multiple incidental skin contacts
are common during breastfeeding preparation (e.g., caregivers holding the infant’s hands or the infant resting
against the caregiver’s chest). The results suggest that mouth-to-breast contact produces a more distinct and
stronger electrical coupling, even though concurrent skin-to-skin contacts may reduce contact impedance. Latch
duration was estimated with a mean absolute percentage error of 5.56% (SD= 2.87%) across all feeding sessions.
The duration error of each session is shown in Fig. 8b. Errors were generally stable, except in one session where
the infant fell asleep mid-feed and intermittently broke and re-established latch. The caregiver noted that this
pattern made manual annotation difficult, which likely contributed to the higher error in that session (12.70%).

Infant heart rate estimation. Across all breastfeeding sessions, Mammal achieved a mean absolute error
of 3.61 bpm in infant heart rate estimation, in comparison with ground-truth measures derived from Bangle.js.
This error falls within commonly used clinical tolerance bands for heart-rate monitoring (3-5 bpm) [5]. To
examine within-session performance beyond session-level averages, we further analyze time-varying heart rate
and heart-rate variability (HRV) using sliding windows of 10 RR intervals. Fig. 9 shows an example session
comparing Mammal-derived heart rate (HR) and heart rate variability (HRV) with ground-truth, and illustrating
the separated infant ECG alongside the inter-body ECG. Note that the ground-truth trajectories are based on PPG,
which instead reflects pulse rate and pulse-rate variability and may exhibit a small latency relative to Mammal.
To quantify within-session agreement, we time-align the trajectories (allowing a constant lag per session) and
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Fig. 8. Latch monitoring performance. (a) Confusion matrix for latch onset detection aggregated across the 10 sessions.
(b) Ground-truth and estimated latch durations for each session. The percentage above each pair indicates the absolute
percentage error.

then compute the Pearson correlation between Mammal and the PPG-based ground-truth trajectories over each
session. As a result, Mammal achieved ryae = 0.95 and ryry = 0.96, indicating that rate dynamics and variability
trends remain consistent and aligned with ground-truth trajectories throughout feeding despite sucking-related
motion and infant repositioning. These values are in line with prior reports showing strong agreement between
ECG-derived HRV and PPG-derived PRV [3, 54, 102].
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Fig. 9. (a) Bland-Altman plot of Mammal-derived HR and the ground-truth HR from PPG. (b) Mammal-derived HR and HRV
(RMSSD) trajectories compared with PPG-derived heart rate and variability. (c) Separated infant ECG shown alongside the
inter-body and caregiver ECG signals.

Sucking and swallowing detection. In total, we annotated 9897 sucking events and 4283 swallowing events
across 239 minutes of breastfeeding data. For sucking event detection, Mammal achieved a mean F1 score of 0.92
(SD=0.03, P=0.91, R=0.93). Swallowing events detected using the garment’s acoustic sensing pipeline achieved
a mean F1 score of 0.93 (SD=0.03, P=0.92, R=0.93) relative to externally monitored ground truth. Fig. 10a and
Fig. 10b show the confusion matrices for sucking and swallowing event detection, respectively. We do not report
true negatives because the data are dominated by non-event windows, which would overwhelm accuracy. Instead,
we use F1, which depends on precision and recall and does not require true negatives.
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Since our detection algorithm uses unsupervised clustering that can adapt as more data accumulate, we expect
detection performance to change as a feeding session progresses. To quantify this, we computed the F1 score at
increasing elapsed times from the start of feeding. Specifically, we evaluated performance from 30s to 480 s (a
common early-session analysis window shared across all sessions), in 15 s increments, and aggregated results
across sessions (Fig. 10c). In turn, we observed a short warm-up period. Within the first 45 s, F1 scores were lower
for both detectors (swallowing: ~0.8; sucking: ~0.7 in the first 30 s window). After ~45 s, performance improved
and remained stable, with both sucking and swallowing detection converging to ~0.9 for the remainder of the
analyzed duration. This suggests that clustering is a good strategy for quickly adapting decision boundaries to
each dyad’s signal characteristics, yielding more personalized and reliable detection after a brief initialization
phase.

(a) Confusion Matrix for Sucking  (b) Confusion Matrix for Swallowing (c) Average F1 Score from Starting 30 Seconds
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Fig. 10. (a) Confusion matrix for sucking detection. (b) Confusion matrix for swallowing detection. (c) Average F1 score of
sucking and swallowing detection over the time.

Finally, we examined whether breast size (proxied by bra cup size) affected performance, as it could influence
inter-body transmission of acoustic signals. Among the two dyads with cup size C, we did not observe a noticeable
difference in detection accuracy compared to the dyads with cup size D (p=0.92). While this result is encouraging,
our sample size within each cup-size group was limited. Thus, we treat this analysis as exploratory and leave a
larger-scale investigation of body-shape factors to future work.

SSB ratio estimation. Based on the detected sucking and swallowing events, Mammal also identifies breathing
events from the separated infant ECG and uses these three event streams to estimate the SSB ratio over time. We
evaluate ECG-derived breathing events against reference breath events obtained from the infant PPG recording;
the two streams are placed on the common session timeline, and a detected breathing event is counted as correct
if it falls within 0.3 s of the nearest reference event. Compared with ground truth, Mammal achieved F1 score
0.98 (Precision= 0.98, Recall= 0.98) for breathing event detection and a respiration rate MAE of 3.77 breaths/min.
Mammal further estimated the SSB ratio with a mean absolute error of 0.12 (SD = 0.05) per 10-second window,
suggesting that it can capture time-varying feeding coordination during natural breastfeeding.

Fig. 11 shows an example of the estimated and ground-truth SSB ratios over a feeding session from a 2-month-
old infant. The ratio is higher and more variable at the beginning of the session, which may reflect a brief
period of non-nutritive sucking and latch adjustment. After ~30s, the infant settles into a more regular pattern,
approaching a consistent 2:1:1 coordination. This stabilization is consistent with effective nutritive feeding, where
swallows are regularly interleaved with breathing and sucking bursts, reflecting coordinated airway protection
and milk transfer.

Milk intake estimation. We obtained 9 successful intake reference measurements using pre- and post-feeding
infant weights, with observed weight changes ranging from 61-125 g. One session lacked a reference measurement
because the infant fell asleep mid-feed and the caregiver declined post-feed weighing to avoid waking the infant.
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Fig. 11. Mammal-estimated SSB ratio aligns with the annotated ground-truth SSB ratio over time.

Overall, milk intake was estimated with a mean relative error of 15.76% compared with reference intake from
pre/post-feed weighing. This level of accuracy is promising because test weighing is operationally burdensome
and, outside tightly controlled protocols (e.g., at home), can show high variability up to 40% [77]. In contrast,
Mammal estimates intake passively during natural breastfeeding without requiring caregivers to weigh each
feed, enabling day-to-day tracking and aggregation of intake patterns in home settings.

Looking into the per-dyad results, we also observed higher intake errors for two infants younger than 6
months (23.1% and 35.8%). This pattern may suggest that the mapping between detected sucking intervals and
milk transfer is age-dependent. We therefore developed an age-calibrated model by splitting the cohort into
infants younger than 6 months (N = 4) and infants 6 months or older (N = 5). For each participant, we applied a
leave-one-out evaluation. Specifically, we fit group-specific parameters a, b, and a maximum interval cap in Eq. 8
using the remaining participants in the same age group, and then evaluated the fitted model on the held-out
participant. This age-calibrated model improved accuracy, achieving a MAPE of 4.76% in the < 6-month group
and 2.91% in the > 6-month group. Note that these results are based on small subgroup sizes (N=4 and N=5)
and should be interpreted as preliminary evidence. Larger age-stratified datasets are needed to validate the
performance gains of the age-calibrated model.

8.5 Sensing Micro-benchmarks

ECG Validation. To understand Mammal’s ECG acquisition quality against a clinical reference, we conducted a
preliminary validation study. As placing adhesive ECG electrodes on infant skin is infeasible, we performed this
study with three adult participants. For each participant, we simultaneously recorded ECG during a 20-minute
session using Mammal and a clinical-grade ECG device (Biocare IE300 [80]), with both systems configured in
the same lead-I setup: one electrode on each arm and an additional reference electrode placed on the chest as a
common reference. This setup enables a controlled comparison between Mammal and the clinical reference under
matched conditions. Although this protocol may not reproduce the full caregiver—infant breastfeeding scenario,
it allows us to assess whether Mammal’s textile-electrode acquisition pipeline can capture cardiac waveforms
and support accurate heart-rate estimation.

We report two metrics: QRS-centered waveform correlation and heart-rate estimation error. The QRS complex
is the most prominent portion of the ECG waveform and corresponds to ventricular depolarization, making it a
landmark for comparing cardiac waveform morphology across system (Fig. 13a). Because Mammal focuses on
heart-rate and respiratory-rate estimation rather than diagnostic ECG interpretation, the QRS complex and R-peak
timing provide sufficient information for downstream estimation [21, 35, 70]. After temporally aligning the ECG
signals recorded by the two systems, we compute the local Pearson correlation within QRS-centered windows to
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Fig. 12. Estimated versus ground-truth breastmilk intake across sessions using (a) the original ISI-based milk-intake model
and (b) the age-calibrated leave-one-out model. Each point represents one breastfeeding session with test-weighing ground
truth. Blue and red points indicate sessions from infants younger than 6 months and 6 months or older, respectively. The
central dashed line indicates perfect agreement (y = x), and the upper and lower dashed lines indicate +10% relative error

bands.

quantify waveform similarity. Specifically, for each ground-truth R peak, we extracted paired 250 ms windows
spanning +125 ms from the separated and ground-truth ECG signals, computed their Pearson correlation,
and averaged the correlations across all detected R peaks [49]. We also derive heart rate from the detected
R-peaks in each signal and report the MAE in beats per minute. Fig. 13b summarizes the results across the
three adult participants. Mammal achieved a mean QRS-centered waveform correlation of 0.96 (SD= 0.01) and
a mean heart-rate MAE of 0.34 bpm (SD= 0.20) relative to the Biocare IE300 reference. These results suggest
that Mammal’s textile-electrode acquisition pipeline can provide ECG measurements of sufficient quality for
downstream heart-rate estimation, aligning with findings in prior research [60, 79, 92].

R Participant Duration QRS Corr. HR MAE
(min) (r) (bpm)
P1 20 0.95 0.22
P P2 20 0.95 0.62

/ \ P3 20 0.97 0.19

Mean = SD 60 in total 0.96 + 0.01 0.34 + 0.20

q S
[€------- q
QRS complex (b) Clinical-grade ECG validation results.

(a) The QRS complex in ECG waveform.
Fig. 13. Clinical-grade ECG validation across three adult participants. (a) The ECG waveform highlights the QRS complex

used for QRS-centered waveform correlation. (b) Quantitative validation results report QRS-centered waveform correlation
and heart-rate estimation error using the Biocare IE300 medical-grade ECG reference.

ECG Separation During Heartbeats Overlap. Theoretically, overlapping heartbeats could make infant
ECG separation more challenging because the adaptive filter may overfit the caregiver ECG component in the
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inter-body ECG when the two cardiac events occur nearly simultaneously. However, such overlap is relatively
uncommon because adult and infant heart rates typically differ substantially (about 60-100 bpm for adults and
100-160 bpm for infants). To quantify the robustness of our pipeline under this condition, we analyzed recordings
from four pilot adult dyads with ground-truth ECG available for both individuals. We defined an overlap beat as a
pair of R-peaks occurring within 50 ms of each other across the two individuals. This threshold approximates the
temporal interval over which two QRS complexes would morphologically interfere in the inter-body signal, based
on prior reports of typical adult R-wave peak time [66, 87]. Based on this criterion, we identified 249 overlapping
beats out of 2966 total detected beats (8.4%). We then compared the separated ECG against ground truth using
QRS-centered Pearson correlation and beat-wise instantaneous HR error. Mammal achieved a mean QRS-centered
Pearson correlation of 0.94 for non-overlapping beats and 0.93 for overlapping beats, and an HR MAE of 1.72
bpm and 2.18 bpm, respectively. A representative qualitative example is shown in Appendix B.1. These results
indicate that heartbeat overlap causes only modest performance degradation, while the proposed ECG separation
pipeline still preserves local waveform morphology and supports reliable heart-rate estimation.

Ablation Study on Temporal Segmentation, DWT Decomposition Level, and Conditional Denoising.
To examine the effects of temporal segmentation, DWT decomposition depth, and conditional denoising in
the ECG separation pipeline, we conducted ablation analyses on both the 4-dyad adult pilot dataset and 10
caregiver—infant dyad dataset. For the adult pilot dataset, where waveform-level ground-truth ECG was available,
we evaluated performance using mean QRS-centered local waveform correlation [49]. For the caregiver—infant
dyad dataset, where clean infant ECG waveforms were unavailable, we evaluated performance using infant
heart-rate MAE.

Table 3 summarizes the results. Temporal segmentation consistently improved performance over the non-
segmented setting, increasing waveform correlation from 0.87 (SD=0.03) to 0.94 (SD=0.03) and reducing HR MAE
from 5.12 bpm (SD=1.67) to 3.61 bpm (SD= 0.87). We further compared two temporal segmentation settings, using
either two 0.5 s segments or three 0.33 s segments. While the three-segment setting maintained a similar HR
MAE, it reduced the QRS-centered local waveform correlation compared with the two-segment setting. This
result suggests that finer segmentation may help suppress residual noise for heart-rate estimation, but at the cost
of disrupting local waveform morphology. Under the temporally segmented two-segment setting, DWT Levels
2 and 3 yielded similar performance, while Level 4 achieved the best overall results. In contrast, performance
degraded at Level 5, suggesting that deeper decomposition does not necessarily improve separation quality.

We further evaluated the contribution of conditional DeScoD-ECG denoising on the subset of 1 s windows for
which the denoising trigger fired. Because non-triggered windows are processed identically by both pipelines,
they were excluded from this comparison. On those valid windows, Butterworth-only processing yielded an
HR MAE of 5.80 bpm (SD= 1.85), whereas Butterworth followed by DeScoD-ECG reduced the error to 3.61 bpm
(SD= 0.87), corresponding to a 37.8% reduction. For the QRS-centered local waveform correlation, we found that
Butterworth-only processing preserve more waveform, indicating that DeScoD-ECG, though reducing the suspect
peak caused motion artifact, also compromises the waveform. An example waveform illustrating this conditional
denoising behavior is provided in Appendix B.2. Together, these results indicate that temporal segmentation
improves local waveform preservation, Level-4 DWT provides the best trade-off between representation richness
and separation robustness, and conditional denoising further removes residual in-band contamination when
severe motion-induced artifacts remain.

Leave-one-dyad-out Sucking and Swallowing Detection. Our study results show that the feature-based
fuzzy clustering pipeline can adaptively and unsupervisedly detect sucking and swallowing based on 20 labeled
initialization samples from a single pilot dyad, with F1 scores of 0.92 (SD=0.03, P=0.91, R=0.93) and 0.93 (SD=0.03,
P=0.92, R=0.93), respectively. This finding is encouraging because the pipeline was initialized using only 20 labeled
samples from a single pilot dyad. To further investigate whether detection performance could improve with more
participant data, we conducted a leave-one-dyad-out (LODO) analysis across the ten caregiver—infant dyads. In
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Table 3. Ablation results for temporal segmentation, DWT decomposition level, and conditional denoising in the ECG
separation pipeline. For the adult pilot dataset, performance is evaluated using mean QRS-centered local waveform correlation.
For the caregiver-infant dyad dataset, performance is evaluated using infant heart-rate MAE. Higher correlation and lower
MAE indicate better performance. Denoising is evaluated on triggered 1's windows.

Ablation factor Setting Adult dyads Caregiver—infant dyads
QRS local corr. HR MAE (bpm)
Temporal segmentation =~ Without segmentation 0.87 5.12
Temporal segmentation =~ With segmentation (two 0.5 s segments) 0.94 3.61
Temporal segmentation ~ With segmentation (three ~0.33 s segments) 0.85 3.47
DWT decomposition depth Level 2 0.93 3.75
DWT decomposition depth Level 3 0.92 3.67
DWT decomposition depth Level 4 0.94 3.61
DWT decomposition depth Level 5 0.89 5.84
Conditional denoising Butterworth only 0.93 5.80
Conditional denoising Butterworth + DeScoD-ECG 0.91 3.61

each fold, one dyad was held out for testing, while labeled initialization samples drawn from the remaining nine
dyads were used to initialize the fuzzy clustering model. As a result, the LODO initialization achieved a mean
F1 of 0.94 (SD=0.02, P=0.94, R=0.94) for sucking detection and 0.93 (SD=0.02, P=0.93, R=0.93) for swallowing
detection. This result suggests that the sensing pipeline is already robust with limited initialization data, while
additional participant data only slightly improve sucking detection performance.

8.6 User Experience

We assessed caregiver user experience along three dimensions: comfort, wearability, and usability, using post-study
questionnaires and a semi-structured interview conducted after the breastfeeding session. Fig. 14 summarizes the
questionnaire ratings.

Comfort. Caregivers reported overall comfort while wearing the Mammal garment during breastfeeding,
with a mean comfort rating of 4.62 out of 5 (SD = 0.28). Breastfeeding postures observed during the study were
primarily cradle, cross-cradle, and football hold. Most caregivers noted that the garment did not interfere with
infant positioning or skin-to-skin contact. A small number of participants reported minor discomfort related to
strap tension, electrode pressure, which was typically resolved through garment adjustment.

Wearability. Wearability was evaluated in terms of fit, stability, and freedom of movement during feeding.
Caregivers rated the garment as 4.75 out of 5 for wearability (SD = 0.19), and reported that it remained stable
across common breastfeeding postures, including seated and reclined positions. Participants emphasized that the
garment allowed natural movement and did not restrict routine caregiving activities.

User Feedback. We collected post-study feedback focusing on comfort, privacy, and perceived safety. Overall,
caregivers reported low privacy concerns because the system is worn only during breastfeeding sessions. Partici-
pants also noted that the double-clip design improved nursing access by enabling quicker and easier latch and
adjustment. However, two caregivers reported noticing the contact microphone while it was placed on the lower
band of the bra, even when covered by a cotton pad. One participant also pointed out that the back-mounted
enclosure felt bulky and could draw the infant’s attention during feeding, with some infants attempting to touch
or press against the box.
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Fig. 14. Mean caregiver ratings of the Mammal garment on comfort, wearability, and overall satisfaction.

9 DISCUSSION AND FUTURE WORK
9.1 Preliminary Expert Review.

To understand Mammal’s clinical relevance and identify practical applications in neonatology, we conducted a
preliminary interview with a neonatologist working in a local Neonatal Intensive Care Unit (NICU). The interview
focused on three topics: (1) potential end users, (2) likely usage scenarios, and (3) pathways for integration into
clinical workflows.

Overall, the neonatologist viewed Mammal as clinically valuable due to its detection of SSB coordination
and heart rate. He highlighted that NICU-to-home transition infants are strong candidates because physiologic
vulnerability can persist after discharge while observation drops sharply. In particular, term/near-term infants
with comorbidities (e.g., chronic lung disease, congenital heart disease, neurologic injury) may benefit from mon-
itoring of suck—-swallow—-breathe coordination and autonomic stability, while preterm infants may require more
accurate intake estimation to guide breastfeeding suitability and supplementation planning. The clinician also
emphasized potential applications in risk-aware timely alerts and trend summaries, such as warning coordination
abnormalities, prolonged pauses, or concurrent heart-rate deviations that could precede clinically relevant events
(e.g., bradycardia, choking and silent aspiration). He noted this is especially important during night feeds or
caregiver fatigue, when attention to infant feeding cues is reduced. For workflow integration, the neonatologist
recommended embedding Mammal into discharge readiness and follow-up, such as introducing it during the
final NICU/step-down phase for caregiver training, then use post-discharge summaries and longitudinal trends
to support remote monitoring and targeted follow-ups (e.g., lactation consults, feeding therapy, pediatric visits).

9.2 Failure Mode and Practical Limitation

A key limitation of Mammal is that inter-body ECG relies on physical contact between the infant’s body, such as
the hand, and the garment’s waist electrode to establish the electrical pathway. Because of this, Mammal cannot
capture inter-body ECG signals when the infant is swaddled, heavily clothed, or positioned such that no direct
contact is made with the waist electrode. This limitation may be especially relevant in colder environments or
outdoor settings, where infants are more likely to be covered. A possible future direction is to explore textile-based
non-contact capacitive electrodes, combined with actively shielded readout electronics, to reduce reliance on
direct skin contact [14, 83].

Another practical limitation is that our system was evaluated in a relatively controlled setting. In-home deploy-
ment will introduce more dynamic factors that were not fully captured in our sessions, including environmental
noise, frequent infant repositioning, unstable latch transitions, and caregiver movement. Although Mammal’s
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acoustic sensing is less directly affected by airborne noise due to its use of contact microphones, these real-world
factors may still introduce motion artifacts, perturb inter-body coupling, and affect event detection. Future
work will develop noise- and artifact-aware acoustic processing methods to improve robustness in more natural
breastfeeding environments.

Finally, our current system operates offline, with signals processed after collection rather than in real time.
Therefore, the present prototype does not yet support live monitoring or immediate feedback during feeding.
In future work, we plan to develop a real-time implementation with online signal processing, signal-quality
assessment, and artifact handling to improve practicality in everyday breastfeeding scenarios.

9.3 Study Limitation and Longitudinal Validation

Our user study is limited in sample size (N = 10) and participant age (2-15 months). One practical reason is
that the study was conducted in a private room within a clinical research and trial unit, requiring participants
to coordinate breastfeeding timing and travel to the site. Given the small sample size, this work represents a
feasibility demonstration of Mammal rather than a rigorous validation for clinical deployment. While the findings
are encouraging, larger-scale studies are needed to establish robustness, generalizability, and clinical utility across
diverse caregivers, infants, and feeding conditions. A larger cohort would also enable further development and
validation of the age-dependent milk intake estimation model. In future work, we plan to develop a real-time
system and a study protocol that would allow participants to take part from home. Despite introducing more
noise, in-home deployment would make participation more practical for breastfeeding dyads and reduce the
burden of travel and scheduling, enabling a longitudinal study with a larger cohort and repeated sessions per
dyad. Longitudinal data would allow us to further strengthen the evidence base by characterizing day-to-day
variability, quantifying within-dyad reliability and between-dyad generalization, and evaluating whether sensing
performance and usability remain robust over time. It would also support refinement of the milk intake model
using a broader and more representative dataset, reducing the risk of overfitting and improving robustness across
developmental stages.

9.4 Washability and Maintenance

Washability and maintenance are critical for caregiver-worn systems deployed in everyday feeding. While we do
not directly solve this issue, a practical direction is to make rigid electronics detachable and to protect sensitive
components (e.g., microphones) via sealing, encapsulation, or modular replacement. Prior work on textile sensing
has shown that conductive fabrics and textile electrodes can be designed to tolerate repeated washing and drying
under appropriate construction and care protocols. Nonetheless, microphone sealing and cable strain relief remain
challenges for repeated laundering. Future iterations of Mammal will prioritize a fully detachable electronics
module, wash-safe textile routing, and standardized care instructions (e.g., gentle cycle, air drying), followed by
durability testing across repeated wash cycles to quantify changes in signal quality and mechanical integrity.

10 Conclusion

We present Mammal, a computational garment that leverages inter-body signal transmission to unobtrusively
monitor breastfeeding physiology, including latch onset, duration, infant heart rate, suck—swallow-breathe ratio,
and milk intake, without instrumenting the infant. In a study with 10 caregiver—infant dyads, Mammal achieved
a 5.56% mean absolute percentage error for latch duration, a 3.61 bpm mean absolute error for infant heart rate,
a 0.12 MAE for SSB ratio, and a 15.76% mean relative error for milk intake, while participants reported high
comfort and wearability. A preliminary NICU clinician interview highlighted Mammal’s promise for supporting
the NICU-to-home transition through caregiver-worn monitoring during natural breastfeeding. Future work will
address washability and maintenance to enable long-term deployment, and will validate Mammal through larger,
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longitudinal in-home studies across diverse dyads and conditions. More broadly, by enabling the caregiver body
as a sensing interface, Mammal opens opportunities to study and ultimately support maternal-infant well-being
and co-regulation in everyday settings.

Acknowledgments

We thank our reviewers for their constructive and insightful comments. We also thank all participants in our
studies, including the adult participants and caregiver—infant dyads, for their time and valuable feedback on the
Mammal system. We thank the Florida State University Clinical Research and Trials Unit for their support during
participant recruitment and study sessions. We thank the funding support from the Florida Institute for Pediatric
Rare Diseases for developing this project.

References

[1] Adafruit Industries. 2021. Knit Conductive Fabric - Silver 20cm square. Adafruit Product ID: 1167. https://www.adafruit.com/product/
1167 Accessed: 2026-01-14.

[2] Adafruit Industries. 2023. Stainless Thin Conductive Yarn / Thick Conductive Thread - 30 ft. Adafruit Product ID: 603. https:
/[www.adafruit.com/product/603 Accessed: 2026-01-29.
[3] Bella Eszter Ajtay, Szabolcs Béres, and Laszlo Hejjel. 2023. The oscillating pulse arrival time as a physiological explanation regarding

the difference between ECG- and Photoplethysmogram-derived heart rate variability parameters. Biomedical Signal Processing and
Control 79 (2023), 104033. doi:10.1016/j.bspc.2022.104033

[4] Oliver Amft, Mathias Stager, Paul Lukowicz, and Gerhard Troster. 2005. Analysis of chewing sounds for dietary monitoring. In
Proceedings of the 7th International Conference on Ubiquitous Computing (Tokyo, Japan) (UbiComp’05). Springer-Verlag, Berlin, Heidelberg,
56-72. doi:10.1007/11551201_4

[5] Association for the Advancement of Medical Instrumentation. 2002. Cardiac monitors, heart rate meters, and alarms (ANSI/AAMI
EC13:2002). https://mdcpp.com/doc/standard/ ANSIAAMIEC13-2002.pdf Accessed: 2026-01-30.

[6] Bangle.js Project. 2019. Bangle.js: The World’s first Open Source Hackable Smart Watch. https://banglejs.com/ Accessed: 2026-02-01.
[7] A.Ben-Tal, S.S. Shamailov, and J. F. Paton. 2012. Evaluating the physiological significance of respiratory sinus arrhythmia: looking
beyond ventilation-perfusion efficiency. The Journal of Physiology 590, 8 (apr 2012), 1989-2008. doi:10.1113/jphysiol.2011.222422
[8] MW Borschel, A Kirksey, and RE Hannemann. 1986. Evaluation of test-weighing for the assessment of milk volume intake of formula-fed

infants and its application to breast-fed infants. The American Journal of Clinical Nutrition 43, 3 (1986), 367-373. do0i:10.1093/ajcn/43.3.367
[9] A.Bowen-Jones, C. Thompson, and R. F. Drewett. 1982. Milk Flow and Sucking Rates during Breast-feeding. Developmental Medicine &

Child Neurology 24, 6 (1982), 626—633. doi:10.1111/j.1469-8749.1982.tb13673.x

[10] F.Bu’Lock, M. W. Woolridge, and J. D. Baum. 1990. Development Of Co-Ordination Of Sucking, Swallowing And Breathing: Ultrasound
Study Of Term And Preterm Infants. Developmental Medicine & Child Neurology 32, 8 (1990), 669-678. doi:10.1111/§.1469-8749.1990.
th08427.x

[11] Karin Cadwell. 2007. Latching-on and suckling of the healthy term neonate: Breastfeeding assessment. Journal of midwifery & women’s
health 52, 6 (2007), 638-642. doi:10.1016/j.jmwh.2007.08.004

[12] Belinda Chan, Anne Woodbury, Libbi Hazelwood, and Yogen Singh. 2025. Feeding Approach to Optimizing Nutrition in Infants with
Congenital Heart Disease. Journal of Cardiovascular Development and Disease 12, 2 (2025). doi:10.3390/jcdd12020038

[13] Longtu Chen, Ruth F. Lucas, and Bin Feng. 2018. A Novel System to Measure Infants’ Nutritive Sucking During Breastfeeding:
the Breastfeeding Diagnostic Device (BDD). IEEE Journal of Translational Engineering in Health and Medicine 6 (2018), 2700208.
doi:10.1109/JTEHM.2018.2838139

[14] Siluo Chen, Yu Chen, Jing Huang, Chengyu Liu, and Kan Luo. 2025. Open-source low-cost non-contact ECG monitoring system using
active dry electrodes. HardwareX 24 (2025), €00718. doi:10.1016/j.0hx.2025.00718

[15] Ha Uk Chung, Alina Y Rwei, Aurélie Hourlier-Fargette, et al. 2020. Skin-interfaced biosensors for advanced wireless physiological
monitoring in neonatal and pediatric intensive-care units. Nature Medicine 26, 3 (2020), 418-429. doi:10.1038/s41591-020-0792-9

[16] S. da Costa, L. van den Engel-hoek, and A. Bos. 2008. Sucking and swallowing in infants and diagnostic tools. Journal of Perinatology
28, 4 (apr 2008), 247-257. doi:10.1038/s].jp.7211924

[17] Nadine Dabby, Aleksandar Aleksov, Eric Lewallen, Sasha Oster, Racquel Fygenson, Braxton Lathrop, Michael Bynum, Mezhgan Samady,
Steven Klein, and Steven Girouard. 2017. A scalable process for manufacturing integrated, washable smart garments applied to heart
rate monitoring (ISWC ’17). Association for Computing Machinery, New York, NY, USA, 38-41. doi:10.1145/3123021.3123045

[18] Parastoo Dehkordi, Ainara Garde, Behnam Molavi, J. Mark Ansermino, and Guy A. Dumont. 2018. Extracting Instantaneous Respiratory
Rate From Multiple Photoplethysmogram Respiratory-Induced Variations. Frontiers in Physiology 9 (2018). doi:10.3389/fphys.2018.00948

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 194. Publication date: September 2026.


https://www.adafruit.com/product/1167
https://www.adafruit.com/product/1167
https://www.adafruit.com/product/603
https://www.adafruit.com/product/603
https://doi.org/10.1016/j.bspc.2022.104033
https://doi.org/10.1007/11551201_4
https://mdcpp.com/doc/standard/ANSIAAMIEC13-2002.pdf
https://banglejs.com/
https://doi.org/10.1113/jphysiol.2011.222422
https://doi.org/10.1093/ajcn/43.3.367
https://doi.org/10.1111/j.1469-8749.1982.tb13673.x
https://doi.org/10.1111/j.1469-8749.1990.tb08427.x
https://doi.org/10.1111/j.1469-8749.1990.tb08427.x
https://doi.org/10.1016/j.jmwh.2007.08.004
https://doi.org/10.3390/jcdd12020038
https://doi.org/10.1109/JTEHM.2018.2838139
https://doi.org/10.1016/j.ohx.2025.e00718
https://doi.org/10.1038/s41591-020-0792-9
https://doi.org/10.1038/sj.jp.7211924
https://doi.org/10.1145/3123021.3123045
https://doi.org/10.3389/fphys.2018.00948

[19]
[20]
[21]
[22]
[23]

[24]

[25]

[26]
[27]

(28]

[29]

[30]

[31]

[32]

[33]
[34]

(35]

[36]

(37]

[38]

(39]

[40]

Mammal: Supporting Breastfeeding Monitoring Through Computational Garments with Inter-Body Sensing « 194:29

DigiKey Electronics. 2026. PSR1636-10: 10 Conductor 0.050" (1.27 mm) Flat Flex Cable. https://www.digikey.com/en/products/detail/
parlex-usa-llc/PSR1636-10/469763 Accessed: 2026-02-01.

Digilent. 2023. Analog Discovery 3: 125 MS/s USB Oscilloscope, Waveform Generator, Logic Analyzer, and Variable Power Supply.
https://digilent.com/shop/products/mixed-signal-oscilloscopes/discovery-essentials/analog-discovery-3/ Accessed: 2026-01-29.

H. Dogan and R. O. Dogan. 2023. A Comprehensive Review of Computer-based Techniques for R-Peaks/QRS Complex Detection in
ECG Signal. Archives of Computational Methods in Engineering 30 (2023), 3703-3721. doi:10.1007/s11831-023-09916-x

Pamela Douglas. 2022. Re-thinking lactation-related nipple pain and damage. Women’s Health 18 (2022), 17455057221087865.
doi:10.1177/17455057221087865

Joshua M. Dudik, Iva Jestrovi¢, Bo Luan, James L. Coyle, and Ervin Sejdi¢. 2015. A comparative analysis of swallowing accelerometry
and sounds during saliva swallows. Biomedical Engineering Online 14 (2015), 3. doi:10.1186/1475-925X-14-3

C. Fukuike, Naoki Kodama, Y. Manda, Y. Hashimoto, K. Sugimoto, A. Hirata, Q. Pan, N. Maeda, and Shogo Minagi. 2014. A novel
automated detection system for swallowing sounds during eating and speech under everyday conditions. Journal of Oral Rehabilitation
42 (dec 2014). doi:10.1111/joor.12264

Francesca Gallaway, Henry W. Hall, Matthew Walker, Chloe Tattersfield, Stephanie Post, Jessica Fitzjohn, Cong Zhou, and ].Geoffery
Chase. 2025. Silicone Breast Phantoms for use with Digital Imaging Elasto-Tomography Breast Cancer Screening. HardwareX 24 (2025),
€00707. doi:10.1016/j.0hx.2025.e00707

Lisa Gatti. 2008. Maternal Perceptions of Insufficient Milk Supply in Breastfeeding. Journal of Nursing Scholarship 40, 4 (2008), 355-363.
doi:10.1111/j.1547-5069.2008.00234.x

Ira H Gewolb, Frank L Vice, Erika L Schweitzer-Kenney, Vicki L Taciak, and James F Bosma. 2001. Developmental patterns of rhythmic
suck and swallow in preterm infants. Developmental Medicine & Child Neurology 43, 1 (2001), 22-27. doi:10.1017/s0012162201000044
Eugene C. Goldfield, Michael J. Richardson, K. G. Lee, et al. 2006. Coordination of Sucking, Swallowing, and Breathing and Oxygen
Saturation During Early Infant Breast-feeding and Bottle-feeding. Pediatric Research 60, 4 (2006), 450-455. doi:10.1203/01.pdr.0000238378.
24238.9d

Valentin Goverdovsky, Wilhelm von Rosenberg, Takashi Nakamura, David Looney, David J. Sharp, Christos Papavassiliou, Mary J.
Morrell, and Danilo P. Mandic. 2017. Hearables: Multimodal physiological in-ear sensing. Scientific Reports 7, 1 (July 2017), 6948.
doi:10.1038/s41598-017-06925-2

Chris Harrison, Desney Tan, and Dan Morris. 2010. Skinput: appropriating the body as an input surface. In Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems (Atlanta, Georgia, USA) (CHI ’10). Association for Computing Machinery, New
York, NY, USA, 453-462. doi:10.1145/1753326.1753394

Bernardo L. Horta and Cesar G. Victora. 2013. Long-term effects of breastfeeding: A systematic review. Technical Report ISBN
9789241505307. World Health Organization. https://www.who.int/publications/i/item/9789241505307

Adrienne E. Hoyt-Austin, Laura R. Kair, Ilse A. Larson, Elizabeth K. Stehel, and the Academy of Breastfeeding Medicine. 2022. Academy
of Breastfeeding Medicine Clinical Protocol #2: Guidelines for Birth Hospitalization Discharge of Breastfeeding Dyads, Revised 2022.
Breastfeeding Medicine 17, 3 (2022), 197-208. doi:10.1089/bfm.2022.29203.ach

J. Kim, S. Oh, R. Avila, et al. 2025. A compact, wireless system for continuous monitoring of breast milk expressed during breastfeeding.
Nature Biomedical Engineering 9 (2025), 1645-1655. doi:10.1038/s41551-025-01393-w

Michael S Kramer and Ritsuko Kakuma. 2012. Optimal duration of exclusive breastfeeding. Cochrane database of systematic reviews 8
(2012). doi:10.1002/14651858.CD003517.pub2

Florian Kristof, Maximilian Kapsecker, Leon Nissen, James Brimicombe, Martin R. Cowie, Zixuan Ding, Andrew Dymond, Stephan M.
Jonas, Hannah Clair Lindén, Gregory Y. H. Lip, Kate Williams, Jonathan Mant, Peter H. Charlton, and on behalf of the SAFER Investigators.
2024. QRS detection in single-lead, telehealth electrocardiogram signals: Benchmarking open-source algorithms. PLOS Digital Health 3,
8 (08 2024), 1-19. doi:10.1371/journal pdig.0000538

Hanne Kronborg and Michael Vaeth. 2009. How are effective breastfeeding technique and pacifier use related to breastfeeding problems
and breastfeeding duration? Birth 36, 1 (2009), 34-42. do0i:10.1111/j.1523-536X.2008.00293.x

Gierad Laput, Robert Xiao, and Chris Harrison. 2016. ViBand: High-Fidelity Bio-Acoustic Sensing Using Commodity Smartwatch
Accelerometers. In Proceedings of the 29th Annual Symposium on User Interface Software and Technology (Tokyo, Japan) (UIST ’16).
Association for Computing Machinery, New York, NY, USA, 321-333. doi:10.1145/2984511.2984582

Gierad Laput, Chouchang Yang, Robert Xiao, Alanson Sample, and Chris Harrison. 2015. EM-Sense: Touch Recognition of Uninstru-
mented, Electrical and Electromechanical Objects. In Proceedings of the 28th Annual ACM Symposium on User Interface Software & Technol-
ogy (Charlotte, NC, USA) (UIST ’15). Association for Computing Machinery, New York, NY, USA, 157-166. doi:10.1145/2807442.2807481
Chantal Lau. 2015. Development of Suck and Swallow Mechanisms in Infants. Annals of Nutrition and Metabolism 66, Suppl. 5 (07
2015), 7-14. doi:10.1159/000381361

C. Lau, E. O. Smith, and R. J. Schanler. 2003. Coordination of suck-swallow and swallow respiration in preterm infants. Acta Paediatrica
92, 6 (2003), 721-727.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 194. Publication date: September 2026.


https://www.digikey.com/en/products/detail/parlex-usa-llc/PSR1636-10/469763
https://www.digikey.com/en/products/detail/parlex-usa-llc/PSR1636-10/469763
https://digilent.com/shop/products/mixed-signal-oscilloscopes/discovery-essentials/analog-discovery-3/
https://doi.org/10.1007/s11831-023-09916-x
https://doi.org/10.1177/17455057221087865
https://doi.org/10.1186/1475-925X-14-3
https://doi.org/10.1111/joor.12264
https://doi.org/10.1016/j.ohx.2025.e00707
https://doi.org/10.1111/j.1547-5069.2008.00234.x
https://doi.org/10.1017/s0012162201000044
https://doi.org/10.1203/01.pdr.0000238378.24238.9d
https://doi.org/10.1203/01.pdr.0000238378.24238.9d
https://doi.org/10.1038/s41598-017-06925-2
https://doi.org/10.1145/1753326.1753394
https://www.who.int/publications/i/item/9789241505307
https://doi.org/10.1089/bfm.2022.29203.aeh
https://doi.org/10.1038/s41551-025-01393-w
https://doi.org/10.1002/14651858.CD003517.pub2
https://doi.org/10.1371/journal.pdig.0000538
https://doi.org/10.1111/j.1523-536X.2008.00293.x
https://doi.org/10.1145/2984511.2984582
https://doi.org/10.1145/2807442.2807481
https://doi.org/10.1159/000381361

194:30 + Zhao et al.

[41]
[42]
[43]

[44]

[45]

[46]

[47]

(48]
[49]
[50]

[51]

[52]
(53]

[54]

[55]

[56]

[57]

(58]

[59]
[60]

[61]
[62]

[63]

Proc.

Jerome R. Lechien. 2024. Management of Pediatric Bilateral Vocal Fold Paralysis: A State-of-the-Art Review of Etiologies, Diagnosis,
and Treatments. Children 11, 4 (2024), 398. d0i:10.3390/children11040398

Huayu Li, Gregory Ditzler, Janet Roveda, and Ao Li. 2024. DeScoD-ECG: Deep Score-Based Diffusion Model for ECG Baseline Wander
and Noise Removal. IEEE Journal of Biomedical and Health Informatics 28, 9 (2024), 5081-5091. doi:10.1109/JBHI.2023.3237712
Maoyuan Li, Yong Song, Wansong Li, Guangfa Wang, Tianpeng Bu, Yufei Zhao, and Qun Hao. 2017. The Modeling and Simulation of
the Galvanic Coupling Intra-Body Communication via Handshake Channel. Sensors 17, 4 (April 2017), 863. do0i:10.3390/s17040863
Wen-Jie Li, Yue-Can Gao, Xiao Hu, Yu-Tong Tan, Jia-Jun Deng, Hai-Feng Pan, and Sha-Sha Tao. 2025. Association between breastfeeding
and the risk of autoimmune diseases: A systematic review and meta-analysis. Autoimmunity Reviews 24, 6 (2025), 103801. doi:10.1016/j.
autrev.2025.103801

Chen Liu, Jie Xiong, Lin Cai, Lin Feng, Xiaojiang Chen, and Dingyi Fang. 2019. Beyond Respiration: Contactless Sleep Sound-Activity
Recognition Using RF Signals. Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies 3, 3, Article 96 (Sept.
2019), 22 pages. doi:10.1145/3351254

Shovan Maity, Debayan Das, Baibhab Chatterjee, and Shreyas Sen. 2018. Characterization and Classification of Human Body Channel
as a function of Excitation and Termination Modalities. In 2018 40th Annual International Conference of the IEEE Engineering in Medicine
and Biology Society (EMBC). 3754-3757. doi:10.1109/EMBC.2018.8513332

Shovan Maity, David Yang, Scott Stanton Redford, Debayan Das, Baibhab Chatterjee, and Shreyas Sen. 2020. BodyWire-HCI: Enabling
New Interaction Modalities by Communicating Strictly During Touch Using Electro-Quasistatic Human Body Communication. ACM
Trans. Comput.-Hum. Interact. 27, 6, Article 39 (Nov. 2020), 25 pages. doi:10.1145/3406238

A. Malik and Z. Ehsan. 2020. Media Review: The Owlet Smart Sock—a “must have” for the baby registry? Journal of Clinical Sleep
Medicine 16, 5 (may 2020), 839-840. doi:10.5664/jcsm.8400

N. R. A. Martins, F. Bauer, F. Baty, et al. 2025. Introduction to electrocardiogram signal quality assessment and estimated accuracy for
textile electrodes. Scientific Reports 15 (2025), 41365. doi:10.1038/s41598-025-25365-x

Masimo. 2019. MightySat™ Rx Fingertip Pulse Oximeter. https://techdocs.masimo.com/globalassets/techdocs/pdf/lab-10169a_master.
pdf Accessed: 2026-01-29.

Barbara Medoff-Cooper, Sharon Y. Irving, Alexandra L. Hanlon, Nadya Golfenshtein, Jerilynn Radcliffe, Virginia A. Stallings, Bradley S.
Marino, and Chitra Ravishankar. 2016. The Association among Feeding Mode, Growth, and Developmental Outcomes in Infants with
Complex Congenital Heart Disease at 6 and 12 Months of Age. The Journal of Pediatrics 169 (2016), 154-159.e1. doi:10.1016/j.jpeds.
2015.10.017

Claire K Miller. 2011. Feeding issues and interventions in infants and children with clefts and craniofacial syndromes. In Seminars in
speech and language, Vol. 32. 115-126. doi:10.1055/s-0031-1277714

Martha J. Miller and Pakaphan Kiatchoosakun. 2004. Relationship between respiratory control and feeding in the developing infant.
Seminars in Neonatology 9, 3 (2004), 221-227. do0i:10.1016/j.siny.2003.11.006

Varun Mishra, Sougata Sen, Grace Chen, Tian Hao, Jeffrey Rogers, Ching-Hua Chen, and David Kotz. 2020. Evaluating the Reproducibility
of Physiological Stress Detection Models. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 4, 4, Article 147 (Dec. 2020), 29 pages.
doi:10.1145/3432220

Katsumi Mizuno and Aki Ueda. 2003. The maturation and coordination of sucking, swallowing, and respiration in preterm infants. The
Journal of Pediatrics 142, 1 (2003), 36—40. doi:10.1067/mpd.2003.mpd0312

Julio César Muro-Valdez, Alejandra Meza-Rios, Blanca Rosa Aguilar-Uscanga, Rocio Ivette Lopez-Roa, Eunice Medina-Diaz, Esmer-
alda Marisol Franco-Torres, and Adelaida Sara Minia Zepeda-Morales. 2023. Breastfeeding-Related Health Benefits in Children and
Mothers: Vital Organs Perspective. Medicina 59, 9 (2023). doi:10.3390/medicina59091535

Natalie D. Muth and Mary Tanaka. 2023. Nutrition in Infancy. In The Clinician’s Guide to Pediatric Nutrition. American Academy of
Pediatrics.

Haruka Nakagawa, Sachine Yoshida, Ayumi Ohnishi, Tsutomu Terada, Hiromasa Funato, and Masahiko Tsukamoto. 2019. Effect of
using smartphone during breast-feeding (UbiComp/ISWC ’19 Adjunct). Association for Computing Machinery, New York, NY, USA,
1190-1193. doi:10.1145/3341162.3344840

Marianne R Neifert. 2004. Breastmilk transfer: positioning, latch-on, and screening for problems in milk transfer. Clinical obstetrics and
gynecology 47, 3 (2004), 656—675. doi:10.1097/01.grf.0000136183.12304.96

Abreha Bayrau Nigusse, Benny Malengier, Desalegn Alemu Mengistie, Granch Berhe Tseghai, and Lieva Van Langenhove. 2020.
Development of Washable Silver Printed Textile Electrodes for Long-Term ECG Monitoring. Sensors 20, 21 (2020). doi:10.3390/s20216233
OpenBCI. 2025. Cyton Getting Started Guide. https://docs.openbci.com/GettingStarted/Boards/CytonGS/. Accessed: 2026-04-26.
OpenBCL. 2026. Cyton Biosensing Board. OpenBCI Product: Cyton Biosensing Board 8 channel. https://shop.openbci.com/products/
cyton-biosensing-board-8-channel Accessed: 2026-01-27.

OpenBCL. 2026. Kendall EMG/ECG Foam Solid Gel Electrodes. https://shop.openbci.com/products/kendall-emg-ecg-foam-solid-gel-
electrodes-50-pack Accessed: 2026-01-14.

ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 194. Publication date: September 2026.


https://doi.org/10.3390/children11040398
https://doi.org/10.1109/JBHI.2023.3237712
https://doi.org/10.3390/s17040863
https://doi.org/10.1016/j.autrev.2025.103801
https://doi.org/10.1016/j.autrev.2025.103801
https://doi.org/10.1145/3351254
https://doi.org/10.1109/EMBC.2018.8513332
https://doi.org/10.1145/3406238
https://doi.org/10.5664/jcsm.8400
https://doi.org/10.1038/s41598-025-25365-x
https://techdocs.masimo.com/globalassets/techdocs/pdf/lab-10169a_master.pdf
https://techdocs.masimo.com/globalassets/techdocs/pdf/lab-10169a_master.pdf
https://doi.org/10.1016/j.jpeds.2015.10.017
https://doi.org/10.1016/j.jpeds.2015.10.017
https://doi.org/10.1055/s-0031-1277714
https://doi.org/10.1016/j.siny.2003.11.006
https://doi.org/10.1145/3432220
https://doi.org/10.1067/mpd.2003.mpd0312
https://doi.org/10.3390/medicina59091535
https://doi.org/10.1145/3341162.3344840
https://doi.org/10.1097/01.grf.0000136183.12304.96
https://doi.org/10.3390/s20216233
https://docs.openbci.com/GettingStarted/Boards/CytonGS/
https://shop.openbci.com/products/cyton-biosensing-board-8-channel
https://shop.openbci.com/products/cyton-biosensing-board-8-channel
https://shop.openbci.com/products/kendall-emg-ecg-foam-solid-gel-electrodes-50-pack
https://shop.openbci.com/products/kendall-emg-ecg-foam-solid-gel-electrodes-50-pack

[64]
[65]
[66]
[67]

[68]

[69]
[70]

[71]
[72]

(73]

[74]

[75]

[76]
[77]
(78]

[79]

[80]
(81]

(82]

(83]
(84]
(85]
(86]

(87]

Mammal: Supporting Breastfeeding Monitoring Through Computational Garments with Inter-Body Sensing + 194:31

OpenBCI Documentation. 2026. Using SD Card with Cyton and CytonDaisy Board. https://docs.openbci.com/Cyton/CytonSDCard/
Accessed: 2026-02-01.

Jiapu Pan and Willis J. Tompkins. 1985. A Real-Time QRS Detection Algorithm. IEEE Transactions on Biomedical Engineering BME-32, 3
(1985), 230-236. doi:10.1109/TBME.1985.325532

L. F. Pava, P. Perafan, M. Badiel, J. J. Arango, L. Mont, C. A. Morillo, and J. Brugada. 2010. R-wave peak time at DII: a new criterion for
differentiating between wide complex QRS tachycardias. Heart Rhythm 7, 7 (jul 2010), 922-926. doi:10.1016/j.hrthm.2010.03.001
Danielle K. Prime, Donna T. Geddes, Diane L. Spatz, et al. 2009. Using milk flow rate to investigate milk ejection in the left and right
breasts during simultaneous breast expression in women. International Breastfeeding Journal 4 (2009), 10. doi:10.1186/1746-4358-4-10
Tauhidur Rahman, Alexander T. Adams, Mi Zhang, Erin Cherry, Bobby Zhou, Huaishu Peng, and Tanzeem Choudhury. 2014. BodyBeat:
a mobile system for sensing non-speech body sounds. In Proceedings of the 12th Annual International Conference on Mobile Systems,
Applications, and Services (Bretton Woods, New Hampshire, USA) (MobiSys ’14). Association for Computing Machinery, New York, NY,
USA, 2-13. doi:10.1145/2594368.2594386

Nicholas Ravanelli, KarLee Lefebvre, Amy Brough, Simon Paquette, and Wei Lin. 2025. Validation of an Open-Source Smartwatch for
Continuous Monitoring of Physical Activity and Heart Rate in Adults. Sensors 25, 9 (2025), 2926. doi:10.3390/525092926

Jesse D. Roberts, Jr., Richard D. Walton, Virginie Loyer, Olivier Bernus, and Kanchan Kulkarni. 2024. Open-source software for
respiratory rate estimation using single-lead electrocardiograms. Scientific Reports 14, 1 (jan 2024), 167. doi:10.1038/s41598-023-50470-0
RODE. 2026. NTG5 Location Recording Kit. https://rode.com/en-us/products/ntg5. Accessed: 2026-04-26.

R. D. Ross. 2012. The Ross classification for heart failure in children after 25 years: a review and an age-stratified revision. Pediatric
Cardiology 33, 8 (2012), 1295-1300. doi:10.1007/s00246-012-0306-8

M. Rupp. 1993. The behavior of LMS and NLMS algorithms in the presence of spherically invariant processes. IEEE Transactions on
Signal Processing 41, 3 (1993), 1149-1160. doi:10.1109/78.205720

Anna Sadovnikova, Samantha A. Chuisano, Kaoer Ma, Aria Grabowski, Kate P. Stanley, Katrina B. Mitchell, Anne Eglash, Jeffrey S.
Plott, Ruth E. Zielinski, and Olivia S. Anderson. 2020. Development and evaluation of a high-fidelity lactation simulation model for
health professional breastfeeding education. International Breastfeeding Journal 15, 1 (feb 2020), 8. doi:10.1186/s13006-020-0254-5
Vanessa S. Sakalidis, Holly L. McClellan, Anna R. Hepworth, Jacqueline C. Kent, Ching Tat Lai, Peter E. Hartmann, and Donna T.
Geddes. 2012. Oxygen Saturation and Suck-Swallow-Breathe Coordination of Term Infants during Breastfeeding and Feeding from a
Teat Releasing Milk Only with Vacuum. International Journal of Pediatrics (2012), 130769. doi:10.1155/2012/130769

Neil Savage. 2020. Sibel Health: designing vital-sign sensors for delicate skin. Nature (jun 2020). https://www.nature.com/articles/d41586-
020-01806-7

O Savenije and Petrus Brand. 2006. Accuracy and precision of test weighing to assess milk intake in newborn infants. Archives of
disease in childhood. Fetal and neonatal edition 91 (10 2006), F330-2. doi:10.1136/adc.2005.091876

Kelley S. Scanlon, Maria P. Alexander, Mary K. Serdula, Margarett K. Davis, and Barbara A. Bowman. 2002. Assessment of Infant
Feeding: the Validity of Measuring Milk Intake. Nutrition Reviews 60, 8 (08 2002), 235-251. do0i:10.1301/002966402320289368

Qijia Shao, Jiting Liu, Emily Bejerano, Ho Man Colman, Jingping Nie, Xiaofan Jiang, and Xia Zhou. 2024. Joey: Supporting Kangaroo
Mother Care with Computational Fabrics. In Proceedings of the 22nd Annual International Conference on Mobile Systems, Applications
and Services (Minato-ku, Tokyo, Japan) (MOBISYS ’24). Association for Computing Machinery, New York, NY, USA, 237-251. doi:10.
1145/3643832.3661867

Shenzhen Biocare Bio-Medical Equipment Co., Ltd. 2015. iE 300 Digital 3-Channel ECG. https://biocare.com.cn/html/en/Products/
ECG/2015/1210/486.html Accessed: 2026-04-24.

Jeffrey P. Simons, Laura L. Greenberg, Deepak K. Mehta, Anthony Fabio, Raymond C. Maguire, and David L. Mandell. 2016. Laryngo-
malacia and swallowing function in children. The Laryngoscope 126 (2016), 478—484. do0i:10.1002/lary.25440

S.So, T. Tadj, B. Schwerin, A. B. Chang, S. Humphries, and T. T. Frakking. 2026. Using Machine Learning for the Automated Segmentation
and Detection of Swallows Obtained by Digital Cervical Auscultation in Preterm Neonates. Dysphagia 41, 1 (Feb. 2026), 275-284.
doi:10.1007/s00455-025-10879-3

Po-Cheng Su, Ya-Hsin Hsueh, Ming-Ta Ke, Jyun-Jhe Chen, and Ping-Chen Lai. 2021. Noncontact ECG Monitoring by Capacitive
Coupling of Textiles in a Chair. Journal of Healthcare Engineering 2021, 1 (2021), 6698567. doi:10.1155/2021/6698567

Debra M. Suiter and Jacki Ruark-McMurtrey. 2007. Oxygen Saturation and Heart Rate During Feeding in Breast-Fed Infants at 1 Week
and 2 Months of Age. Archives of Physical Medicine and Rehabilitation 88, 12 (Dec. 2007), 1681-1685. doi:10.1016/j.apmr.2007.07.042
B. A. Sullivan and K. D. Fairchild. 2022. Vital signs as physiomarkers of neonatal sepsis. Pediatric Research 91, 2 (2022), 273-282.
d0i:10.1038/s41390-021-01709-x

B. A. Sullivan, V. P. Nagraj, K. L. Berry, et al. 2021. Clinical and vital sign changes associated with late-onset sepsis in very low birth
weight infants at 3 NICUs. Journal of Neonatal-Perinatal Medicine 14, 4 (2021), 553-561. doi:10.3233/NPM-200578

Borys Surawicz, Rory Childers, Barbara J. Deal, and Leonard S. Gettes. 2009. AHA/ACCF/HRS Recommendations for the Standardization
and Interpretation of the Electrocardiogram. Circulation 119, 10 (2009), e235-e240. doi:10.1161/CIRCULATIONAHA.108.191095

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 194. Publication date: September 2026.


https://docs.openbci.com/Cyton/CytonSDCard/
https://doi.org/10.1109/TBME.1985.325532
https://doi.org/10.1016/j.hrthm.2010.03.001
https://doi.org/10.1186/1746-4358-4-10
https://doi.org/10.1145/2594368.2594386
https://doi.org/10.3390/s25092926
https://doi.org/10.1038/s41598-023-50470-0
https://rode.com/en-us/products/ntg5
https://doi.org/10.1007/s00246-012-0306-8
https://doi.org/10.1109/78.205720
https://doi.org/10.1186/s13006-020-0254-5
https://doi.org/10.1155/2012/130769
https://www.nature.com/articles/d41586-020-01806-7
https://www.nature.com/articles/d41586-020-01806-7
https://doi.org/10.1136/adc.2005.091876
https://doi.org/10.1301/002966402320289368
https://doi.org/10.1145/3643832.3661867
https://doi.org/10.1145/3643832.3661867
https://biocare.com.cn/html/en/Products/ECG/2015/1210/486.html
https://biocare.com.cn/html/en/Products/ECG/2015/1210/486.html
https://doi.org/10.1002/lary.25440
https://doi.org/10.1007/s00455-025-10879-3
https://doi.org/10.1155/2021/6698567
https://doi.org/10.1016/j.apmr.2007.07.042
https://doi.org/10.1038/s41390-021-01709-x
https://doi.org/10.3233/NPM-200578
https://doi.org/10.1161/CIRCULATIONAHA.108.191095

194:32

(88]

(89]

[90]

[o1]

[92]

[93]

[94]

[95]

[96]

[97]

(98]

[99]

[100]
[101]

[102]

[103]
[104]
[105]

[106]

[107]

[108]

e Zhaoetal.

Fabrizio Taffoni, Eleonora Tamilia, Micaela Giorgino, Giulia Morbidoni, Andrea Rosi, Alberto Scaini, Anna Maria Visco, Emiliano
Schena, and Domenico Formica. 2016. A Novel System to Study the Coordination of Sucking and Breathing in Newborns During Bottle
Feeding. IEEE Sensors Journal 16, 23 (2016), 8589-8596. doi:10.1109/JSEN.2016.2613889

Kymeng Tang, Kathrin Gerling, Luc Geurts, and Katta Spiel. 2021. Understanding the Role of Technology to Support Breastfeeding. In
Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems (Yokohama, Japan) (CHI "21). Association for Computing
Machinery, New York, NY, USA, Article 211, 13 pages. doi:10.1145/3411764.3445247

TE Connectivity. 2017. CONTACT MICROPHONE CM-01. TE Connectivity Product ID: 1007079-1. https://www.te.com/en/product-
1007079-1.html Accessed: 2026-01-27.

TensorFlow. 2026. YAMNet. https://github.com/tensorflow/models/tree/master/research/audioset/yamnet. Accessed: 2026-4-26.
Yayoi Tetsuou Tsukada, Miwa Tokita, Hiroshige Murata, Yasuhiro Hirasawa, Kenji Yodogawa, Yu-Ki Iwasaki, Kuniya Asai, Wataru
Shimizu, Nahoko Kasai, Hiroshi Nakashima, and Shingo Tsukada. 2019. Validation of wearable textile electrodes for ECG monitoring.
Heart and Vessels 34, 7 (jul 2019), 1203-1211. doi:10.1007/s00380-019-01347-8

U.S. Food and Drug Administration. 2023. Device Classification Under Section 513(f)(2) (De Novo): DEN220091 — Dream Sock. FDA
De Novo database entry and review memo. https://www.accessdata.fda.gov/scripts/cdrh/ctfdocs/cfpmn/denovo.cfm?id=DEN220091
Accessed: 2026-01-05.

Burcin Ustbas, Deniz Kilic, Ayhan Bozkurt, Mustafa Erkin Aribal, and Ozge Akbulut. 2018. Silicone-based composite materials simulate
breast tissue to be used as ultrasonography training phantoms. Ultrasonics 88 (2018), 9-15. doi:10.1016/j.ultras.2018.03.001

Virag Varga, Gergely Vakulya, Alanson Sample, and Thomas R. Gross. 2018. Enabling Interactive Infrastructure with Body Channel
Communication. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 1, 4, Article 169 (Jan. 2018), 29 pages. doi:10.1145/3161180
Virag Varga, Marc Wyss, Gergely Vakulya, Alanson Sample, and Thomas R. Gross. 2018. Designing Groundless Body Channel
Communication Systems: Performance and Implications. In Proceedings of the 31st Annual ACM Symposium on User Interface Software
and Technology (Berlin, Germany) (UIST ’18). Association for Computing Machinery, New York, NY, USA, 683-695. doi:10.1145/3242587.
3242622

Carolina Varon, John Morales, Jesus Lazaro, Michele Orini, Margot Deviaene, Spyridon Kontaxis, Dries Testelmans, Bertien Buyse,
Pascal Borzée, Leif S6rnmo, Pablo Laguna, Eduardo Gil, and Raquel Bailén. 2020. A Comparative Study of ECG-derived Respiration in
Ambulatory Monitoring using the Single-lead ECG. Scientific Reports 10, 1 (mar 2020), 5704. doi:10.1038/s41598-020-62624-5
Sutharanam Veerappan, Harel Rosen, William Craelius, David Curcie, Mark Hiatt, and Tom Hegyi. 2000. Spectral Analysis of Heart
Rate Variability in Premature Infants with Feeding Bradycardia. Pediatric Research 47, 5 (May 2000), 659-662. do0i:10.1203/00006450-
200005000-00017

Cesar G. Victora, Rajiv Bahl, Aluisio J. D. Barros, Giovanny V. A. Franca, Susan Horton, Julia Krasevec, Simon Murch, Mari Jeeva
Sankar, Neff Walker, and Nigel C. Rollins. 2016. Breastfeeding in the 21st century: epidemiology, mechanisms, and lifelong effect. The
Lancet 387, 10017 (2016), 475-490. doi:10.1016/S0140-6736(15)01024-7

Vollence. 2026. Vollence Silicone Breast Forms Fake Boobs for Mastectomy Prosthesis Transgender. https://www.amazon.com/Vollence-
Mastectomy-Transwomen-Transgender-individuals/dp/B078MXW9DX/ Accessed 2026-01-30.

Walmart. 2026. 3/8" (9.5mm) Heavy Black Knitted Elastic - US Made - 20 yards. https://www.walmart.com/ip/3-8-9-5mm-Heavy-
Black-Knitted-Elastic-US-Made-20-yards/5344036545 Accessed: 2026-02-01.

Yuna Watanabe, Natasha Yamane, Aarti Sathyanarayana, Varun Mishra, and Matthew S. Goodwin. 2026. Beyond Motion Artifacts:
Optimizing PPG Preprocessing for Accurate Pulse Rate Variability Estimation. In Companion of the 2025 ACM International Joint
Conference on Pervasive and Ubiquitous Computing (Finland) (UbiComp Companion °25). Association for Computing Machinery, New
York, NY, USA, 1176-1182. doi:10.1145/3714394.3756241

Katie L Westerfield, Kristen Koenig, and Robert Oh. 2018. Breastfeeding: common questions and answers. American family physician
98, 6 (2018), 368-376. https://www.aafp.org/pubs/afp/issues/2018/0915/p368.html

Mackenzie DM Whipps and Jill R Demirci. 2021. The sleeper effect of perceived insufficient milk supply in US mothers. Public Health
Nutrition 24, 5 (2021), 935-941. doi:10.1017/S1368980020001482

Christina Wolfe and Amy Jnah. 2024. Tracheoesophageal Fistula With Esophageal Atresia: A Case Series. Neonatal network 43, 2 (2024).
doi:10.1891/NN-2023-0051

Junxi Xia, Dogac Eldenk, Hongjun Xu, Yang Liu, and Stephen Xia. 2026. Short Paper: EarSleeve: Transforming Everyday Earphones
into a 12-Lead ECG Sensing Platform. In Proceedings of the 2026 ACM/IEEE International Conference on Embedded Artificial Intelligence
and Sensing Systems (SenSys "26). Association for Computing Machinery, New York, NY, USA, 615-621. doi:10.1145/3774906.3802785
Chenhan Xu, Huining Li, Zhengxiong Li, Hanbin Zhang, Aditya Singh Rathore, Xingyu Chen, Kun Wang, Ming-chun Huang, and
Wenyao Xu. 2021. CardiacWave: A mmWave-based Scheme of Non-Contact and High-Definition Heart Activity Computing. Proceedings
of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies 5, 3, Article 135 (Sept. 2021), 26 pages. doi:10.1145/3478127
Koji Yatani and Khai N. Truong. 2012. BodyScope: A wearable acoustic sensor for activity recognition. In Proceedings of the 2012
ACM Conference on Ubiquitous Computing (UbiComp ’12). Association for Computing Machinery, New York, NY, USA, 341-350.
doi:10.1145/2370216.2370269

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 194. Publication date: September 2026.


https://doi.org/10.1109/JSEN.2016.2613889
https://doi.org/10.1145/3411764.3445247
https://www.te.com/en/product-1007079-1.html
https://www.te.com/en/product-1007079-1.html
https://github.com/tensorflow/models/tree/master/research/audioset/yamnet
https://doi.org/10.1007/s00380-019-01347-8
https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpmn/denovo.cfm?id=DEN220091
https://doi.org/10.1016/j.ultras.2018.03.001
https://doi.org/10.1145/3161180
https://doi.org/10.1145/3242587.3242622
https://doi.org/10.1145/3242587.3242622
https://doi.org/10.1038/s41598-020-62624-5
https://doi.org/10.1203/00006450-200005000-00017
https://doi.org/10.1203/00006450-200005000-00017
https://doi.org/10.1016/S0140-6736(15)01024-7
https://www.amazon.com/Vollence-Mastectomy-Transwomen-Transgender-individuals/dp/B078MXW9DX/
https://www.amazon.com/Vollence-Mastectomy-Transwomen-Transgender-individuals/dp/B078MXW9DX/
https://www.walmart.com/ip/3-8-9-5mm-Heavy-Black-Knitted-Elastic-US-Made-20-yards/5344036545
https://www.walmart.com/ip/3-8-9-5mm-Heavy-Black-Knitted-Elastic-US-Made-20-yards/5344036545
https://doi.org/10.1145/3714394.3756241
https://www.aafp.org/pubs/afp/issues/2018/0915/p368.html
https://doi.org/10.1017/S1368980020001482
https://doi.org/10.1891/NN-2023-0051
https://doi.org/10.1145/3774906.3802785
https://doi.org/10.1145/3478127
https://doi.org/10.1145/2370216.2370269

Mammal: Supporting Breastfeeding Monitoring Through Computational Garments with Inter-Body Sensing + 194:33

[109] Takuro Yonezawa, Tomotaka Ito, and Hideyuki Tokuda. 2011. Transferring information from mobile devices to personal computers
by using vibration and accelerometer. In Proceedings of the 13th International Conference on Ubiquitous Computing (Beijing, China)
(UbiComp ’11). Association for Computing Machinery, New York, NY, USA, 487-488. doi:10.1145/2030112.2030184

[110] Shibo Zhang, Yuqi Zhao, Dzung Tri Nguyen, Runsheng Xu, Sougata Sen, Josiah Hester, and Nabil Alshurafa. 2020. NeckSense: A
Multi-Sensor Necklace for Detecting Eating Activities in Free-Living Conditions. Proceedings of the ACM on Interactive, Mobile, Wearable
and Ubiquitous Technologies 4, 2, Article 72 (June 2020), 26 pages. doi:10.1145/3397313

[111] Yang Zhang and Chris Harrison. 2015. Tomo: Wearable, Low-Cost Electrical Impedance Tomography for Hand Gesture Recognition. In
Proceedings of the 28th Annual ACM Symposium on User Interface Software & Technology (Charlotte, NC, USA) (UIST ’15). Association
for Computing Machinery, New York, NY, USA, 167-173. doi:10.1145/2807442.2807480

[112] Yang Zhang, Wolf Kienzle, Yanjun Ma, Shiu S. Ng, Hrvoje Benko, and Chris Harrison. 2019. ActiTouch: Robust Touch Detection for
On-Skin AR/VR Interfaces. In Proceedings of the 32nd Annual ACM Symposium on User Interface Software and Technology (New Orleans,
LA, USA) (UIST ’19). Association for Computing Machinery, New York, NY, USA, 1151-1159. doi:10.1145/3332165.3347869

[113] Yang Zhang, Robert Xiao, and Chris Harrison. 2016. SkinTrack: Using the Body as an Electrical Waveguide for Continuous Finger
Tracking on the Skin. In Proceedings of the 2016 CHI Conference on Human Factors in Computing Systems (CHI). ACM, 1491-1503.
doi:10.1145/2858036.2858082

A Additional Study Details
A.1  Participant Demographics

Table 4 summarizes the demographic information of the caregiver—infant dyads in our breastfeeding study,
including caregiver age, infant age and sex, as well as the bra cup size and garment size used during each session.

Table 4. Participant demographics (10 caregiver—infant dyads).

Dyad Caregiver age (years) Infant age (months) Infantsex Garment size Bra cup size

P1 31 3 Male Medium 36C
P2 37 8 Female Medium 34DD
P3 33 11 Male Small 32C
P4 39 2 Male Large 34D
P5 26 12 Male Large 36DD
P6 28 11 Male Small 34D
P7 32 15 Female Small 34DD
P8 34 9 Female Large 36D
P9 34 4 Female Large 44DDD
P10 28 3 Male Large 36DD

A.2  Study Environment

Fig. 15 shows the study room setup used for the breastfeeding sessions, including a breastfeeding couch and a
long chair to accommodate different feeding postures.

A.3 Detailed Per-Session Results

This section provides detailed results for all 10 analyzed breastfeeding sessions. The following tables report session-
level results for latch onset and duration estimation, infant physiological estimation, and sucking/swallowing
detection.

Latch Onset Detection and Latch Duration Estimation. Table 5 reports the detailed per-session results for
latch onset detection and latch duration estimation, including event-level detection performance and duration
error.
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Fig. 15. Study environment used in the breastfeeding sessions. The room included a breastfeeding couch and a long chair to
support different feeding postures.

Table 5. Per-session latch onset detection and latch duration estimation results.

Session GT onsets TP/FP/FN P/R/F1 GT latch Est. latch Duration
duration (min) duration (min) error(%)
P1 13 13/3/0 0.81/1.00/0.90 31.2 29.3 6.09
P2 11 11/1/0 0.92/1.00/0.96 26.3 27.3 3.80
P3 9 9/0/0 1.00/1.00/ 1.00 18.9 21.3 12.70
P4 8 8/0/0 1.00/1.00/ 1.00 23.9 25.8 7.95
P5 4 3/0/1 1.00/0.75/0.86 20.2 215 6.44
P6 10 9/0/1 1.00/0.90/0.95 15.9 15.2 4.40
P7 11 10/1/1 0.91/0.91/0.91 28.2 27.4 2.84
P8 8 7/1/1 0.88/0.88/0.88 17.4 16.9 2.87
P9 16 15/3/1 0.83/0.94/0.88 24.7 23.9 3.24
P10 12 11/1/1 0.92/0.92/0.92 32.5 34.2 5.23
Mean + SD - - 0.93+0.07 / 0.934+0.08 / 0.93+0.05 - - 5.56+2.87

Infant Heart Rate, Respiration Rate, and SSB Ratio Estimation. Table 6 summarizes the per-session
continuous-estimation results for infant heart rate, respiration rate, and SSB ratio.

Sucking and Swallowing Detection. Table 7 presents the per-session event-detection results for sucking and
swallowing, including the number of ground-truth events, TP/FP/FN counts, and the derived precision, recall,
and F1 scores.
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Table 6. Per-session continuous-estimation results for infant heart rate, respiration rate, and SSB ratio.

Session HR MAE RR MAE SSB MAE
(bpm) (breaths/min) (per session)
P1 2.6 4.2 0.20
P2 3.2 2.1 0.08
P3 34 4.5 0.13
P4 5.3 4.7 0.16
P5 24 2.9 0.18
Pe6 2.7 4.3 0.09
p7 4.1 3.6 0.06
P8 4.3 3.8 0.05
P9 3.9 31 0.11
P10 4.2 4.5 0.15
Mean + SD  3.61+0.87 3.77£0.80 0.12+0.05

Table 7. Per-session sucking and swallowing detection results. P/ R/ F1 in the last row are reported as macro-averaged
mean + SD across the 10 sessions, using population SD.

Session Sucking Swallowing

Ngtr TP/FP/FN P/R/F1 Ngtr TP/FP/FN P/R/F1
P1 1576 1392 /289 /184 0.83/0.88/0.85 616 528 /87 /88 0.86/0.86 / 0.86
P2 889 842 /37 /47 0.96/0.95/0.95 407 384/21/23 0.95/0.94/0.95
P3 1137 1075/96/ 62 0.92/0.95/0.93 548 493 /57 /55 0.90/0.90/0.90
P4 847 809 /84 /38 0.91/0.96/0.93 348 324/30/ 24 0.92/0.93/0.92
P5 425 410/33/15 0.93/0.96/0.94 145 136/7/9 0.95/0.94/0.94
P6 875 783 /42 /92 0.95/0.89/0.92 337 325/29/12 0.92/0.96 / 0.94
pP7 1127 1046/ 85/ 81 0.92/0.93/0.93 485 441/37/ 44 0.92/0.91/0.92
P8 696 623/63/73 0.91/0.90/0.90 444 421/25/23 0.94/0.95/0.95
P9 1019 966 / 107 / 53 0.90/0.95/0.92 415 396/22/19 0.95/0.95/0.95
P10 1306 1273 /128 /33 0.91/0.97/0.94 538 512/33/26 0.94/0.95/0.95
Total 9897 9219/ 964/ 678 - 4283 3960 /348 / 323 -
Macro avg - - 0.91+0.03/0.93+0.03/0.92+0.03 - - 0.92+0.03/0.93 +0.03/0.93 +0.03

B Additional Examples for ECG Separation

B.1 ECG Separation During Overlapping Heartbeats

Fig. 16 shows a representative example from the adult-pair pilot study, where ground-truth ECG from both
participants was available. This example illustrates ECG separation when the two participants’ heartbeats
temporally overlap.

B.2 Conditional DeScoD-ECG Denoising

Fig. 17 shows a representative example of conditional DeScoD-ECG denoising applied to the extracted infant
ECG component.
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Fig. 16. Representative example of ECG separation during temporally overlapping heartbeats in the adult-pair pilot study.
From top to bottom, the plots show the caregiver-role ECG, infant-role ECG, mixed inter-body ECG, and extracted infant-role
ECG. Red markers indicate time points where the caregiver-role and infant-role heartbeats overlap in the mixed inter-body
ECG.
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Fig. 17. Example of conditional DeScoD-ECG denoising. From top to bottom, the plots show the mixed inter-body ECG, the
extracted infant component before final filtering, the extracted infant component after bandpass filtering, and the output
after DeScoD-ECG denoising. The dashed boxes highlight a triggered high-artifact segment, where DeScoD-ECG suppresses
residual fluctuations while preserving the main heartbeat structure.
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