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Abstract
Heart rate (HR) monitoring during swimming is crucial
for athlete performance optimization and physiological as-
sessment. Yet existing solutions remain unsatisfactory. ECG
chest straps require tight skin contact and are often uncom-
fortable during swimming, while photoplethysmography
(PPG) sensors suffer severe accuracy degradation due to
swimming-induced motion artifacts. We present SwimHR,
the first wearable-free HR monitoring system that captures
electrocardiogram (ECG) signals transmitted through pool
water without any on-body device. To enable practical pool-
scale underwater ECG sensing, we (1) derive and validate a
physical model of ECG transmission in water and quantify
environmental attenuation in swimming pools through sim-
ulation, (2) design a lane-scale sensing architecture with a
bias-electrode-free acquisition circuit for reliable full-lane
coverage, and (3) develop a U-Net-based pipeline for robust
R-peak detection under stroke-dependent swimming arti-
facts. We evaluate SwimHR with 34 swimmers (12 amateur
and 22 professional) across four strokes and multiple pools.
SwimHR achieves a mean HR error of 1.0 bpm with a stan-
dard deviation of 0.9 bpm relative to the ECG ground truth,
significantly outperforming PPG-based wearables. SwimHR
demonstrates the feasibility of accurate, real-time, wearable-
free HR monitoring in standard swimming pool settings
while avoiding the discomfort of body-worn sensors.

CCS Concepts
• Hardware→ Sensor devices and platforms; • Human-
centered computing→Ubiquitous andmobile comput-
ing systems and tools; • Applied computing→ Health
care information systems.
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Figure 1: SwimHR enables wearable-free HR monitor-
ing for swimmers by capturing ECG signals transmit-
ted through pool water using proposed lane-scale elec-
trodes and a spatial–temporal HR extraction pipeline.
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1 Introduction
Heart rate (HR) is one of the most important physiological
signals for monitoring human health and physical exertion
in aquatic environments. In swim training, coaches use HR
to quantify training load, recovery, and interval intensity,
while swimmers use it to optimize training intensity and
avoid overtraining [46, 49]. Yet obtaining accurate HR during
swimming remains surprisingly inconvenient. Existing prac-
tice is dominated bywearable devices, but bothmajor options
are problematic underwater. ECG chest straps must be worn
tightly to maintain contact during turns and high-intensity
sets, which is often uncomfortable and distracting [11]. PPG-
based sensors worn on the wrist, forearm, temple are more
convenient, but are highly sensitive to motion, water distur-
bance, and changes in the optical path underwater [7, 40].
Moreover, current wearables mostly expose HR only after
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the session because they cannot transmit data wirelessly
underwater, limiting their value for real-time coaching.

Sincewater is conductive, an intriguing possibility is to use
pool water itself as the sensing medium for ECG, eliminating
the need for swimmers to wear any device. Prior studies
have shown that ECG can propagate through water, but only
in very confined settings [19, 25, 26, 63] such as bathtubs,
with stationary users and electrodes placed close to the body
(e.g., 5 cm). These feasibility demonstrations do not address
the conditions that matter in real swimming: meter-scale
swimmer-to-electrode distance, full-lane coverage, strong
stroke-dependent motion, and standard-pool environments
with varying conductivity and grounded metallic structures.
As a result, it remains unclear whether water-mediated ECG
can support accurate, real-time, wearable-free HR monitor-
ing for swimmers in standard pools.

In this paper, we present SwimHR, to the best of our knowl-
edge, the first wearable-free system that continuously mon-
itors swimmers’ HR in real time via water-mediated ECG
sensing in standard swimming pools. As shown in Figure 1,
SwimHR captures ECG signals transmitted through pool
water using lane-scale underwater rope electrodes, without
any device on the swimmer’s body. At a high level, SwimHR
combines physical modeling of pool-scale ECG transmission,
deployable sensing hardware, and spatial-temporal signal in-
ference to recover R-peaks and HR during active swimming.
Designing such a system requires overcoming three key

challenges. First, pool-scalewater-mediated ECG is extremely
weak and strongly environment-dependent. Second, a prac-
tical system must provide stable full-lane coverage and low-
noise acquisition without any on-body bias electrode, even
though conventional ECG front-ends assume a third elec-
trode attached to the body. Third, active swimming pro-
duces severe non-stationary artifacts from body motion, tur-
bulence, and changing swimmer-electrode coupling as the
swimmer moves through the lane; these artifacts vary across
strokes, making fixed-threshold peak detection unreliable.

SwimHR addresses these challengeswith three correspond-
ing designs. First, we derive and validate a quasi-static dipole
model of ECG transmission in water and use simulation to
quantify environmental attenuation in standard pools. These
results explain why pool-scale signals are much weaker than
bathtub signals and directly guide our sensing geometry
and hardware design. Second, we design a lane-scale sens-
ing hardware with same-side underwater rope electrodes
and a bias-electrode-free acquisition circuit that preserves
always-available ECG sensing along the lane and a fully
wearable-free setup. Third, we design a spatial–temporal
HR extraction pipeline that dynamically selects informative
channels, uses a U-Net-based model to locate R-peaks un-
der amplitude variation and motion artifacts, and applies
temporal consistency filtering for stable HR estimation.

We implement SwimHR prototypes and evaluate them
with 34 swimmers (12 amateur and 22 professional) across
two public swimming pools and four competitive strokes,
covering more than 32,000m of swimming. Across all record-
ings, SwimHR achieves a mean HR error of 1.0 bpm and
standard deviation of 0.9 bpm relative to a Polar H10 ECG
reference. In contrast, commonly used PPG-based wearables
(i.e., Apple Watch and Polar Verity Sense) exhibit substan-
tially higher errors (e.g., 5.4 bpm) and larger performance
variability (e.g., standard deviation 7.7 bpm), with further
degradation during high-motion strokes such as butterfly.
SwimHRmaintains high accuracy across strokes (0.8 bpm for
breaststroke, 0.9 bpm for freestyle, 0.8 bpm for backstroke,
and 1.6 bpm for butterfly) and generalizes across swimmer
groups and pool environments. Participants also report sig-
nificantly higher comfort than with wearable baselines. A
demonstration video of SwimHR is available at:

https://youtu.be/pYqvvz1_QZ0
We summarize our contributions as follows:
• To the best of our knowledge, SwimHR is the first sys-
tem capable of continuously estimating swimmers’ HR in
standard swimming pools without any on-body device.
• We derive and experimentally validate a quasi-static dipole
water-mediated ECG transmission model, and use simula-
tion to quantify environmental attenuation factors.
• We design underwater sensing hardware with same-side
rope electrodes and a bias-free acquisition circuit, enabling
stable ECG capture across the swimming lane.
• We propose a channel-aware HR detection pipeline that
combines adaptive channel selection, U-Net–based R-peak
detection, and temporal consistency filtering to robustly
extract heart rate under stroke-dependent motion artifacts.
• We build SwimHR prototypes and evaluate them with 34
swimmers across four competitive strokes and two public
swimming pools. SwimHR achieves accurate and robust
HR monitoring, significantly outperforming commercial
wearable baselines, and is strongly preferred by partici-
pants for its wearable-free design.

More broadly, SwimHR demonstrates that aquatic infras-
tructure can serve as a practical substrate for wearable-free
physiological sensing, opening new opportunities for train-
ing analytics and unobtrusive health monitoring in water.

2 Background and Challenges
2.1 ECG Primer
Electrocardiography (ECG) measures the electrical activity
generated by the depolarization and repolarization of cardiac
muscle cells [16, 33, 53]. These electrical currents propagate
through surrounding conductive tissues and create measur-
able biopotentials on the body surface [10, 51, 52]. The ECG
waveform exhibits characteristic components (P-wave, QRS

https://youtu.be/pYqvvz1_QZ0
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Figure 2: SwimHR System Overview.

complex, and T-wave) corresponding to phases of the cardiac
cycle. Among them, the R-peak in the QRS complex is the
most prominent feature and is widely used for heart-rate (HR)
estimation by measuring the interval between consecutive
R-peaks [31]. Traditional ECG acquisition places electrodes
on the skin to measure the potential difference between two
points on the body, often using a third bias or driven-right-
leg (DRL) electrode to stabilize the common-mode voltage
and suppress ambient interference in biopotential acquisition
systems [3]. When the human body is immersed in water, the
cardiac electrical field can propagate beyond the body surface
into the surrounding conductive medium [19, 25, 26, 63]. As
a result, electrodes placed in water can capture ECG signals
without direct skin contact. This property enables wearable-
free ECG sensing underwater and forms the physical basis
for the system design in this work.
2.2 Challenges
Extending water-mediated ECG sensing from confined set-
tings to real swimming scenarios with different strokes in
standard pools poses several fundamental challenges.
Signal Attenuation and Environmental Dependence.
Compared to bathtub-scale demonstrations, a swimming
pool introduces meter-scale swimmer-to-electrode distances
and a substantially larger conductive volume, which together
significantly reduce the measurable differential biopotential.
Moreover, the received signal strength depends on pool-
specific environmental conditions, such as water conduc-
tivity and electrically grounded metallic structures, making
the channel highly different from controlled small-volume
settings. Without understanding this pool-scale transmission
behavior, it is unclear what signal strength to expect and
how to design a reliable sensing system.
Difficult Lane-Scale Deployment. A feasibility setup
can acquire underwater ECG using a small number of elec-
trodes. However, monitoring a swimmer during laps requires
full-lane coverage, and deploying multiple independent elec-
trode units throughout the pool to guarantee coverage is
logistically intensive and disruptive to normal pool opera-
tion. In addition, pool-scale underwater ECG exhibits low

signal-to-noise ratio (SNR), demanding high-gain, low-noise
acquisition. Finally, standard ECG front-ends typically rely
on a third bias (driven-right-leg) electrode in skin contact to
stabilize the input common-mode voltage and prevent ADC
saturation. A wearable-free system must therefore provide a
deployable lane-scale sensing configuration and achieve sta-
ble, low-noise acquisition without any on-body bias electrode.
Non-stationary Swimming Artifacts. Active swimming
introduces strong, time-varying artifacts from body motion,
breathing, turbulence, and changing coupling as the swim-
mer moves along the lane. Different strokes and intensities
induce qualitatively different artifact patterns, which can ob-
scure QRS complexes and cause false peaks or missed beats.
The systemmust therefore reliably extract R-peaks and heart
rate across strokes under highly non-stationary noise.

3 System Design
To address the challenges in Section 2, SwimHR consists
of three key components. First, we model ECG transmis-
sion in water at the pool scale and quantify the effects of
environmental factors on signal attenuation, providing the
foundation for subsequent hardware and algorithm design.
Second, we design a deployable lane-scale sensing architec-
ture with a bias-electrode-free, low-noise acquisition circuit
to enable stable wearable-free ECG capture during swim-
ming. Third, we develop a U-Net-based inference pipeline
to robustly detect R-peaks under swimming artifacts and
estimate heart rate across strokes. Figure 2 illustrates the
system overview, and we describe these components next.

3.1 Pool-Scale ECG Transmission Modeling
Water-mediated ECG sensing in a standard swimming pool
is fundamentally different from prior bathtub-scale feasi-
bility demonstrations. To guide the design of SwimHR, we
first develop a physical model of ECG transmission in water,
then validate it experimentally, and finally use simulation to
quantify how pool environments affect signal strength.
Quasi-static Transmission Model. To model ECG trans-
mission in water, we first examine how cardiac electric fields
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propagate through the conductive pool environment. Two
types of currents may arise in an electric field: conduction
current and displacement current [13, 15]. The conduction
current density follows Ohm’s law: 𝐽𝑐 = 𝜎𝐸, where 𝐽𝑐 is the
conduction current density, 𝜎 is the water conductivity, and
𝐸 is the electric field strength. In contrast, displacement cur-
rent results from time-varying electric fields and is given
by 𝐽𝑑 = 𝜖 𝜕𝐸

𝜕𝑡
, where 𝜖 denotes the permittivity. Whether dis-

placement current must be considered depends on the ratio
between displacement and conduction currents [12, 54, 65]:

|𝐽𝑑 |
|𝐽𝑐 |

=
𝜖

𝜎
𝜔 =

𝜖𝑟𝜖0
𝜎

𝜔, (1)

where 𝜔 = 2𝜋 𝑓 is the angular frequency.
In swimming pools, water conductivity typically ranges

from 0.02 to 0.1 S/m [35, 48], the relative permittivity of wa-
ter 𝜖𝑟 is 78.3 [30], the vacuum permittivity 𝜖0 is 8.85×10−12 𝐹 ·
𝑚−1, while ECGs occupy a low-frequency band of approxi-
mately 0.05–100 Hz [57]. Under these conditions, 𝜖

𝜎
≈ 10−8,

making | 𝐽𝑑 || 𝐽𝑐 | ≪ 1. Therefore, displacement currents are negli-
gible, and ECG transmission in pool water can be modeled
as a quasi-static conduction process. This result allows us to
model the water as a conductive volume and analyze ECG
propagation using a dipole-based electric potential model,
as described next.
Dipole-based ECG Transmission in Water. Given the
validated quasi-static assumption above, we model the swim-
mer and surrounding water as a conductive volume and
represent the heart as an equivalent current dipole [33]. Un-
der this model, the electric potential at any point in water
is determined by the relative geometry between the sensing
location and the dipole source.
For a monopole current source with strength 𝐼0, the con-

duction current density at a distance 𝑟 is 𝐽𝑐 = 𝐼0/(4𝜋 ·𝑟 2) [32].
Combining this with Ohm’s law yields the electric field
strength: 𝐸 = 𝐼0/(4𝜋𝜎 · 𝑟 2). The potential generated by the
monopole current source can be expressed as:

𝑉 = − 𝐼0
4𝜋𝜎 ·

∫ 𝑟

∞

1
𝑟 2
𝑑𝑟 =

𝐼0
4𝜋𝜎 ·

1
𝑟

(2)

We then model the heart as a dipole with a positive and a
negative pole. The potential at an arbitrary point 𝑖 is the
superposition of the two poles:

𝑉𝑖 = 𝑉+ +𝑉− =
1

4𝜋𝜎 · (
𝐼0
𝑟𝑖+
+ −𝐼0
𝑟𝑖−
) (3)

where 𝑟𝑖+ and 𝑟𝑖− are the distances from the positive and
negative poles, respectively. Since ECG signals are computed
as the differences in biopotentials between two electrodes, 𝑖
and 𝑗 , the underwater ECG signals can be defined by

𝑉𝐸𝐶𝐺 = 𝑉𝑖 −𝑉𝑗 =
𝐼0
4𝜋𝜎 · (

1
𝑟𝑖+
− 1
𝑟𝑖−
− 1
𝑟 𝑗+
+ 1
𝑟 𝑗−
) (4)

Figure 3: (a) The experiment setup and cardiac dipole
geometry for the transmission model validation. (b)
𝑉𝑝𝑝 is linearly related to ( 1

𝑟𝑖+
− 1

𝑟𝑖−
− 1

𝑟 𝑗+
+ 1

𝑟 𝑗−
) in Eq. (4).

In the underwater scenario, 𝐼0 denotes the effective cardiac
current coupled into water. As illustrated in Figure 3(a), the
positive and negative poles of the dipole are defined by the
intersections between the body surface and the heart orienta-
tion.We assume that the heart lies near the bodymidline [59]
and approximate the dipole axis using the principal anatom-
ical heart axis [36]. Equation (4) shows that the received
ECG strength depends jointly on water conductivity and
swimmer-electrode geometry, motivating both our lane-scale
sensing design and the environmental attenuation analysis.
Experiment Validation. We validate the transmission
model in Eq. (4) through a controlled study in a semi-Olympic
swimming pool with a depth of 1.5m and a water conduc-
tivity of 0.045 S/m, measured using a portable conductivity
meter (KEDIDA CT-3030) [23]. As shown in Figure 3(a), two
underwater electrodes are placed symmetrically around the
swimmer, and the distance between two electrodes is var-
ied from 1.0m to 2.5m in 0.25m increments, with the heart
approximately located at the midpoint. A reference ground
truth ECG channel with a driven-right-leg (DRL) electrode
is recorded simultaneously outside the water.

We quantify signal strength using the ECG peak-to-peak
amplitude𝑉𝑝𝑝 . According to Eq. (4), the ECG amplitudes vary
linearly with the geometric term 𝑥 =

(
1
𝑟𝑖+
− 1

𝑟𝑖−
− 1

𝑟 𝑗+
+ 1

𝑟 𝑗−

)
We therefore fit the measured𝑉𝑝𝑝 using the model 𝑦 = 𝑘 (𝑥 +
𝑒), where 𝑘 captures subject-dependent and environment-
dependent factors.

As shown in Figure 3(b), the experimental results confirm
an approximately linear relationship between 𝑉𝑝𝑝 and the
geometric term predicted by the model. The fitted param-
eters are 𝑘 = 23.87 and 𝑒 = 0.44, which correspond to an
effective cardiac source strength of 0.57 𝜇𝐴 considering an
acquisition gain of 24. This effective value is subject- and
environment-dependent and does not represent the intrinsic
cardiac source current. This validation demonstrates that
the proposed model captures the first-order transmission
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behavior of underwater ECG signals in swimming pools and
provides a practical basis for our rope electrode design.
Environmental Attenuation Analysis. While the trans-
mission model captures how geometry and conductivity af-
fect signal strength, it does not fully explain the large gap
between bathtub and pool measurements. In a bathtub exper-
iment with the same subject and a 0.5m electrode spacing,
the ECG amplitude reaches 688.1 𝜇V but drops to 98.3 𝜇V in
the pool, indicating additional environmental attenuation.
To investigate this effect, we simulate pool-scale ECG

transmission using a 3-D cardiac electrical activitymodel [55]
implemented in COMSOL [34]. The model places a cardiac
dipole inside a 5𝑚×5𝑚×1.5𝑚 conductive pool with symmet-
rically positioned electrodes, and varies key environmental
parameters to quantify their influence on the received signal.
More details are provided in the Appendix, and the simula-
tion code will be released to support future research.
The simulation identifies three main attenuation factors.

Larger water volume spreads the electric field over a larger
conductive region, reducing the measurable potential dif-
ference. Higher water conductivity further attenuates the
signal, as 𝜎 appears in the denominator of Equation 4. Fi-
nally, metallic structures (e.g., ladders), which are grounded
for safety in pools [8, 17, 37, 38, 66], can distort the electric
field and significantly reduce signal strength when in direct
contact with water.
Overall, these environmental factors attenuate the ECG

signal by approximately 7.2× in simulation, consistent with
the around 7× attenuation observed in our pool measure-
ments. This result highlights that pool-scale ECG sensing
operates under much weaker signals than confined envi-
ronments, motivating the high-gain sensing hardware and
robust signal inference pipeline described next.

3.2 Lane-Scale Sensing Hardware
To address the deployment and low-SNR challenges, SwimHR
introduces a lane-scale sensing hardware design that enables
stable underwater ECG acquisition without requiring any
on-body electrodes. The hardware design consists of two
components: always-available underwater rope electrodes
and a bias-electrode-free acquisition circuit.
Always Available Same-Side Rope Electrodes. The
transmissionmodel shows that ECG signal strength decreases
rapidly as the swimmer-electrode distance increases. A prac-
tical sensing system must therefore ensure that, wherever
the swimmer is along the lane, nearby electrodes remain
available and the sensing distance stays short and stable.
To achieve this, we propose a same-side lane-scale elec-

trode design as shown in Figure 2. Instead of placing elec-
trodes on opposite sides of the swimmer as in traditional
ECG systems, we pair electrodes along a single lane rope on

the same side of the swimmer. This design is enabled by the
transmission model derived in Section 3.1, which shows that
electrodes closer to the swimmer experience a higher elec-
tric potential than those farther away, allowing ECG sensing
through the spatial potential gradient along the swimming
lane. Compared with a bilateral design, the same-side config-
uration provides two additional advantages. First, it reduces
motion-induced noise: water flow and rope vibration can
introduce electrochemical disturbances and electromagnetic
interference [5, 9, 61], but electrodes on the same rope experi-
ence more correlated motion, allowing partial cancellation in
the differential ECG signal. Second, it simplifies deployment
by requiring only a single sensing structure rather than two
synchronized installations on both sides of the lane.
We also integrate this design directly into modified lane

ropes as the sensing electrodes. A lane rope consists of a
stainless-steel cable encased in a plastic sheath. We expose a
short segment of the stainless-steel cable so that it directly
contacts the surrounding water and acts as a sensing elec-
trode, while the remaining insulated portion preserves elec-
trical isolation along the transmission path. Stainless steel
provides reliable signal quality for dry electrode sensing and
is suitable for long-term aquatic deployment [21, 22]. These
submerged electrodes are passive and inject no current into
the water; all powered electronics remain on the pool deck.

As shown in Figure 4, we place electrodes at 1m intervals
along the lane, ensuring that the swimmer is always near
multiple sensing electrodes during swimming. Although in-
creasing the sensing distance between a pair of electrodes can
increase the measured differential potential, it also reduces
the correlation between their motion-induced artifacts, weak-
ening noise cancellation in the differential measurement. Our
measurements show that a 3m separation provides the best
trade-off between signal strength and motion robustness,
yielding the highest SNR. We therefore form each differential
channel using two electrodes separated by 3m. In a standard
25m pool, 25 electrodes are deployed, indexed from 𝐸1 to
𝐸25, and divided into four groups to avoid forming redun-
dant overlapping channels across adjacent groups. Within
each group, the electrodes are paired with the corresponding
electrodes 3m away, producing three differential channels
(e.g., 𝐸1 ↔ 𝐸4, 𝐸2 ↔ 𝐸5, 𝐸3 ↔ 𝐸6). To cover the final
meter of the lane, 𝐸22 is additionally paired with 𝐸25. This
configuration forms 13 differential channels in total.
Bias-electrode-free Acquisition Circuit. Conventional
ECG acquisition systems use a third electrode, commonly
referred to as the driven-right-leg (DRL) electrode, to stabi-
lize the input common-mode voltage and suppress ambient
interference [14, 60]. The DRL circuit senses the common-
mode component of the differential inputs and feeds back a
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Figure 4: Full-lane coverage using 25 electrodes (E1–E25) to form 13 differential sensing channels (C1–C13).

compensating signal to the body, reducing power-line inter-
ference and keeping the input voltage within the operating
range of the analog-to-digital converter (ADC). For exam-
ple, the ADS1299 biopotential acquisition chip [18] we em-
ployed requires the input common-mode voltage to satisfy
𝑉𝑑𝑑 − 0.2𝑉 −

(
𝐺𝑉𝑖𝑛
2

)
> 𝑉𝑐𝑚 > 𝑉𝑠𝑠 + 0.2𝑉 +

(
𝐺𝑉𝑖𝑛
2

)
. Here 𝑉𝑑𝑑

and 𝑉𝑠𝑠 represent the positive and negative power supplies,
respectively;𝑉𝑐𝑚 is the common-mode voltage;𝐺 is the gain
of the amplifier; 𝑉𝑖𝑛 is the maximum differential input sig-
nal; and 0.2𝑉 accounts for the amplifier headroom. In our
scenario, attaching a bias electrode to the swimmer would
violate the wearable-free design goal. We therefore design
a bias-electrode-free acquisition circuit that stabilizes the
input common-mode voltage without direct body contact.
Inspired by prior two-electrode ECG designs [3], we redirect
the DRL feedback path to the differential input nodes through
high-value (10MΩ) resistors. These resistors provide a weak
bias path that stabilizes the input common-mode voltage
without requiring direct body-electrode contact. Only the
passive rope electrodes and their connecting cables are sub-
merged, while the custom bias-electrode-free PCB and signal
acquisition board remain on the pool deck. This arrangement
enables stable water-mediated ECG acquisition without any
on-body device, while supporting continuous data transmis-
sion for real-time HR monitoring. Together, the deployable
rope electrodes and bias-electrode-free front end form the
hardware foundation of SwimHR.
3.3 Spatial–Temporal HR Extraction
Active swimming introduces strong motion artifacts and spa-
tially varying signal quality. As swimmers move along the
lane, the ECG signal strength shifts across sensing channels
because the electrodes are spaced 1m apart as we discussed
in Section 3.2. At any given moment, only a small subset
of nearby electrodes captures usable signals. Reliable HR
estimation therefore requires dynamically selecting informa-
tive channels while suppressing motion-induced noise. We
design a spatial–temporal HR extraction pipeline including
three stages: (1) adaptive channel selection, (2) U-Net-based
R-peak detection, and (3) HR estimation with temporal fil-
tering. Algorithm 1 summarizes the overall procedure.
Adaptive Channel Selection. Due to the 1m electrode
spacing, ECG signals are typically observable in three adja-
cent channels at a time, while signals in distant channels are
too weak to detect. Instead of processing all channels, we

Algorithm 1 Spatial–Temporal HR Extraction
Require: Multi-channel ECG signals X, window length

𝑇𝑤 = 4s, step size 𝑇𝑠 = 1s
Ensure: Heart-rate estimates H
1: H← ∅
2: for each window𝑤 of X with length 𝑇𝑤 and step 𝑇𝑠 do

Stage 1: Adaptive Channel Selection
3: for each channel 𝑐 in𝑤 do
4: Detect peaks in𝑤𝑐 and −𝑤𝑐 using ecg_peaks
5: Keep peaks with amplitude ≥ 1 𝜇V and SNR ≥

6 dB
6: end for
7: Cluster cross-channel candidates within 64ms
8: Score each adjacent three-channel set by its summed

cluster count
9: Select the best set C★ adjacent to Cprev
10: Cprev ← C★

Stage 2: U-Net based R-Peak Detection
11: Z-score normalize the selected channels
12: Apply U-Net to𝑤 (C★) to obtain probability mask ŷ
13: Keep ŷ > 0.5 regions with ≥ 10 samples
14: Select the sample with max absolute amplitude per

region as the R-peak R
Stage 3: Temporal Consistency Filtering

15: Compute RR intervals ΔR from R
16: If < 0.5Δ𝑅exp, keep the better-fitting peak
17: Split at RR > 1.5Δ𝑅exp while retaining RR history
18: for each valid peak segment 𝑠 do
19: Compute HR ℎ𝑠 with 3 consecutive RR intervals
20: Accept ℎ𝑠 that 60 < ℎ𝑠 < 200 and |Δℎ𝑠 | ≤ 5
21: H← H ∪ {ℎ𝑠 }
22: end for
23: end for
24: return H

dynamically identify the most informative ones. We first ap-
ply a bandpass filter (10–30 Hz) to remove motion artifacts
and baseline drift, while also reducing EMG interference.
Then, for each 4-second signal window (with a 1-second
stride), we detect candidate R-peaks using NeuroKit2 [29].
Each channel and its inverted signal are processed to account
for waveform polarity changes during bidirectional swim-
ming. A candidate is retained only if its amplitude exceeds
1 𝜇V and its local signal-to-noise ratio exceeds 6 dB, where
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Figure 5: U-Net for segmentation-based R-peak detec-
tion. The numbers inside the blocks denote the tempo-
ral feature length at each resolution.

the ratio compares the standard deviation within the central
0.1 s peak region with that of the two adjacent 0.2 s regions.
We aggregate the surviving detections across channels

and cluster detections occurring within 64ms as the same
heartbeat, allowing each channel to contribute at most one
detection to each cluster. To preserve spatial coherence, every
three adjacent channels form a candidate set, which is scored
by summing the heartbeat-cluster counts across its three
channels. For each 4-second window, we select the highest-
scoring candidate set under a temporal continuity constraint:
the selected set must remain adjacent to the set chosen in
the previous window, reflecting the swimmer’s continuous
movement. The spatial grouping and temporal continuity
constraint suppress noise-induced selections and ensure that
the selected channels track the swimmer’s location.
U-Net-based R-peak Detection. After selecting the infor-
mative channels, the next step is to accurately locate R-peaks
under residual motion artifacts and time-varying signal am-
plitudes. The transmission model in Section 3.1 shows that
underwater ECG amplitude varies with swimmer-electrode
geometry as the swimmer moves along the lane. As a result,
detectors based on fixed signal-amplitude thresholds are un-
reliable. To further reduce sensitivity to amplitude variation,
each selected channel is independently z-score normalized.
To solve this problem, we design a U-Net architecture

inspired by prior work [64] that learns the temporal mor-
phology of ECG waveforms. As shown in Figure 5, the model
takes a 4-second window from the three selected channels as
input and outputs a one-dimensional binary mask indicating
R-peak locations. The encoder progressively downsamples
the input to aggregate context over multiple temporal scales,
while the decoder restores temporal resolution for precise lo-
calization. Specifically, the encoder contains four resolution
levels with temporal kernel sizes 7, 5, 3, and 3 and feature
dimensions of 16, 16, 32, and 32, respectively. Each level
contains two one-dimensional convolution layers, each fol-
lowed by batch normalization, ReLU activation, and 2× max

pooling. Starting from the 500-sample (i.e., 4-second) input
window, the feature length is reduced from 500 to 250, 125,
and 62 samples. The decoder mirrors this structure using
transposed convolutions to restore the temporal resolution
to 500 samples. Skip connections link encoder and decoder
features at matching resolutions, preserving fine-grained
waveform details that are critical for accurate R-peak lo-
calization. A final convolution layer produces one logit per
sample, which is converted into an R-peak probability us-
ing a sigmoid function. The resulting lightweight network
contains approximately 38,497 trainable parameters.
To train the model, we construct a labeled dataset of R-

peaks from swimming recordings. Training labels are gen-
erated from manually annotated R-peaks collected in five
50m breaststroke sessions per swimmer by an experienced
annotator. Because R-peaks occupy only a small fraction of
the signal, the dataset is highly imbalanced. To mitigate this
issue, each annotated R-peak is expanded into a 0.16 s win-
dow during training, increasing the proportion of positive
labels while accounting for small temporal misalignments.
The model is optimized using binary cross-entropy with
logits and the Adam optimizer with a learning rate of 10−3.

We train the model by leave-one-user-out cross-validation.
In each fold, one swimmer’s data is reserved for testing,
while the remaining swimmers’ first four 50m breaststroke
sessions are used for training, and their fifth sessions are
used for validation. Training runs for up to 100 epochs with
a batch size of 64 and early stopping with a patience of 10
epochs without improvement in the validation per-sample
F1 score. The model achieves a mean per-sample validation
F1 score of 97.03%.
During inference, the sigmoid probability sequence is

thresholded at 0.5 to form contiguous candidate regions.
Regions shorter than ten samples are discarded as noise.
Within each remaining region, the precise R-peak location
is selected as the sample with the largest absolute amplitude
across the three selected channels.
HR Estimation with Temporal Filtering. After R-peak
locations are detected, HR is estimated from the RR inter-
vals. The instantaneous HR is computed from the average
of three consecutive RR intervals. To suppress spurious de-
tections caused by motion artifacts, we maintain a sliding
buffer of the five most recent RR intervals and compute the
expected RR interval as the median of this buffer. When a
new peak occurs within 0.5× the expected interval, the algo-
rithm retains either the new peak or the preceding accepted
peak, depending on which produces an interval closer to the
expected rhythm. If the interval to the next detected peak ex-
ceeds 1.5× the expected RR interval, we treat it as a transient
signal break rather than compensating for a missed detec-
tion. In this case, the peak sequence is split into separate
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Figure 6: (a) SwimHR prototype is deployed at Pool
A. (b) The rope electrodes are connected to the bias-
electrode-free circuit and OpenBCI board.

segments, and HR is computed independently within each
segment. The recent RR buffer is retained across the break
to preserve the previous rhythm as an adaptive reference.
The resulting estimates are Gaussian-smoothed. Overall, the
temporal filtering reduces false detections and prevents error
propagation during brief signal loss.

4 Prototype Implementation
We implement SwimHR prototypes using commercially avail-
able components, prioritizing sensing stability, corrosion
resistance, compatibility with standard swimming pools.
Underwater sensing structure. As shown in Figure 6(a),
the underwater sensing structure consists of PVC support
pipes and plastic-coated steel cables that serve as electrodes.
PVC was selected for its corrosion resistance, low weight,
and mechanical robustness in aquatic environments. The
sensing electrodes were positioned approximately 1m be-
low the water surface. Twenty-five electrodes are distributed
along the 25m lane at 1m intervals (from 0.5m to 24.5m).
Each electrode is created by stripping a 1 cm section of in-
sulation from the plastic-coated steel cable to expose the
conductive core to the surrounding water. The cables are
attached to the PVC structure using hot-melt adhesive to
ensure water resistance and mechanical stability. To further
suppress motion-induced noise, the sensing rope is stabi-
lized using rigid plastic supports anchored to the pool floor
with suction cups, enabling a non-destructive installation
compatible with existing swimming pools.
Signal acquisition unit. ECG signals are acquired using
an OpenBCI Cyton board with a Daisy extension [41]. The
system samples signals at 125Hz and transmits data to a
host computer via Bluetooth Low Energy. In total, 13 differ-
ential ECG channels are used for sensing. To implement the
proposed bias-electrode-free circuit, we designed a compact
custom printed circuit board (Figure 6(b)) that interfaces
between the electrodes and the OpenBCI inputs. The PCB
(37mm × 20mm) includes 16 signal paths, each incorporat-
ing a 10MΩ resistor to implement the bias feedback network.

Figure 7: SwimHR deployed at Pool (a) A and (b) B. (c)
Participant wears ground truth and baseline sensors.

The OpenBCI channels are connected to the steel electrodes
through the PCB using clip-to-Dupont jumper wires, en-
abling reliable signal acquisition while maintaining electrical
isolation from the swimmer. The prototype costs $600 USD
in total, primarily for OpenBCI circuit boards ($450).

5 System Evaluation
We evaluate SwimHR in swimming pools to characterize its
HR estimation accuracy, robustness across swimmer pop-
ulations, swimming strokes, pools, and its practicality for
real-world deployment. All human-subject experiments were
approved by our institution’s Institutional Review Board.

5.1 Study Setup

Deployment Environments. We deploy SwimHR in two
public swimming pools (Figure 7) with different geometries
and depth profiles. Pool A measures 25m × 12.5m, with
depth varying from 1.0m to 1.6m. Its water conductivity
and temperature are 0.078 S/m and 25◦C, respectively. Pool
B measures 25m × 15m, with a non-uniform depth profile:
1.2m at one end, increasing to 1.5m at the center, and return-
ing to 1.2m at the opposite end. Its water conductivity and
temperature are 0.068 S/m and 25◦C, respectively. The sens-
ing prototype is placed at the center of a standard 2.5m-wide
swimming lane, with a temporary lane divider installed di-
rectly above it to define the instrumented swimming region.
Participants. We recruit 34 swimmers with two skill lev-
els: 12 skilled amateur swimmers and 22 professional swim-
mers. The professional swimmers include certified lifeguards,
swimming coaches, and elite competitive swimmers who
have participated in national-level competitions. Thirty-two
swimmers (10 amateurs and 22 professionals) participate
in Pool A, and five amateurs participate in Pool B; three
amateurs participate in both pools to support cross-pool val-
idation. All professional swimmers are proficient in all four
competitive strokes (i.e. breaststroke, freestyle, backstroke,
and butterfly). To ensure safety, all participants are healthy
and report no medical conditions or physical discomfort, and
a certified lifeguard monitors all sessions. Participants wore
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Table 1: Participants and Data.

Amateur Professional

Gender 8 males, 4 females 18 males, 4 females

Age, 18–24 6 1
25–34 5 11
35–44 1 8
45–54 0 2

Certificate amateur level 20 coaches/lifeguards
2 elite swimmers

Strokes breaststroke only All four strokes

Total Data 7,450 meters
228.7 minutes

25,425 meters
565.4 minutes

their own swimsuits throughout the study, and no swimsuit-
related degradation in signal capture was observed. We sum-
marize the detailed participant characteristics in Table 1.
Experimental protocol. The protocol is designed to bal-
ance data diversity with swimmer safety. The amateur swim-
mers perform breaststroke only, which is their preferred
stroke, and each completes 500m, divided into ten 50m seg-
ments with rest intervals. Professional swimmers perform
all four competitive strokes to evaluate system performance
under different body motions. For breaststroke, freestyle, and
backstroke, swimmers complete continuous 50m segments.
Butterfly is substantially more demanding, so participants
may perform either continuous 50m segments or split each
50m trial into two 25m segments with a rest in between. All
professional swimmers complete at least 100m of butterfly.

A typical study session lasts approximately 30 minutes for
amateur swimmers and 60 minutes for professional swim-
mers, including rest periods between segments. After ex-
cluding recordings affected by ground-truth device failures,
the final evaluation dataset (summarized in Table 1) com-
prises 7,450m (228.7 minutes) of breaststroke data from
amateur swimmers and 25,425m (565.4 minutes) from pro-
fessional swimmers, including 10,650m (241.6 minutes) of
breaststroke, 5,350m (105.2 minutes) of freestyle, 5,350m
(136.8 minutes) of backstroke, and 4,075m (81.8 minutes) of
butterfly. During each trial, only one participant swims in
the instrumented lane, while the adjacent lanes remain open
for normal pool use.
Ground Truth and Wearable Baselines. All participants
wear a Polar H10 ECG chest belt [43] as the ground-truth
reference. To benchmark SwimHR against PPG-based com-
mercial wearables, we select three baselines with different
form factors and body locations: (1) an Apple Watch Series
7 [1] on the left wrist, (2) a Polar Verity Sense [44] on the
right forearm, and (3) a second Polar Verity Sense mounted
at the right temple using the goggle-strap clip. As shown in

Fig. 7(c), participants wear all four devices simultaneously
in the study. This setup covers both mainstream consumer
wearables and swimming-oriented optical sensors. The Polar
H10 measures ECG through chest electrodes and is widely
regarded as a gold-standard wearable for heart-rate monitor-
ing during swimming [4, 7]. The Apple Watch represents the
dominant smartwatch form factor. The Polar Verity Sense is
a compact waterproof optical sensor that supports flexible
placement; we evaluate both forearm and temple locations
because the temple typically experiences less motion than
the limbs and is already used by some professional swim-
mers in practice. Since none of these wearable devices can
transmit data wirelessly underwater, they all store HR data
locally. Before each trial, we adjust device placement and
tightness with each participant to ensure comfort and stable
contact, and inspect all sensors after each 50m segment.
Evaluation Metrics. We evaluate heart rate estimation
using two metrics. First, we report the mean absolute error
(MAE) with respect to the ground-truth reference, since heart
rate is computed on a per-second basis. Second, we report
the standard deviation (std) of MAE across recordings to
quantify temporal stability and performance consistency.
Baseline performance is computed using the same metrics by
comparing each baseline against the ground-truth reference.

5.2 HR Estimation Performance
We evaluate the HR estimation accuracy of SwimHR and all
wearable baselines against the Polar H10 reference. All de-
vices provide HR time series on a nominal 1-Hz timeline. The
Apple Watch intermittently omits samples, so we forward-
fill each missing entry using its most recently reported HR
value. Because commercial devices do not disclose their in-
ternal estimation windows or output latency, we account
for a possible constant temporal offset separately for each
device and recording session. Specifically, we search over
offsets within a 10-second window relative to the Polar H10
and select the offset that minimizes MAE. We apply the same
procedure to SwimHR and all wearable baselines to ensure a
consistent and conservative comparison.
Overall Accuracy and Stability. Across all valid record-
ings, SwimHR achieves the lowest HR estimation error, while
also providing themost consistent performance across record-
ings. As shown in Figure 8, SwimHR attains an MAE of
1.0 bpm with a standard deviation of 0.9 bpm, both signifi-
cantly lower than those of the wearable baselines. In contrast,
the wearable baselines exhibit both higher errors and sub-
stantially higher performance variability. The Apple Watch,
Polar Verity Sense (forearm and temple) achieve MAEs of
5.4 bpm, 3.0 bpm, and 4.4 bpm, respectively, with correspond-
ing standard deviations of 7.7 bpm, 5.2 bpm, and 8.8 bpm. The
Apple Watch produces sparse HR updates during swimming,
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(a) Mean MAE by category (b) Standard deviation of MAE by category

Figure 8: Heart rate estimation performance across swimmer groups and swimming strokes.

sometimes maintaining the same value for extended periods,
which leads to higher MAE and large temporal fluctuations
after forward filling. The Polar Verity Sense provides denser
HR estimates but remains sensitive to motion artifacts and
sensor placement variability.

Importantly, unlike the evaluated wearables, including the
ground-truth ECG chest band, which store data locally and
provide HR only after the swimming session, SwimHR places
its acquisition and wireless communication units on the pool
deck, enabling continuous real-time HR output. Combined
with its accurate estimates, SwimHR can support in-session
feedback for coaches without requiring any on-body device.
Performance Across Swimming Strokes. We next eval-
uate performance across four competitive strokes using data
from 22 professional swimmers. SwimHR achieves the low-
est MAE across all stroke settings: 0.8 bpm for breaststroke,
0.9 bpm for freestyle, 0.8 bpm for backstroke, and 1.6 bpm
for butterfly (Figure 8(a)). In addition to lower mean error,
SwimHR also exhibits substantially lower MAE variability,
indicating better performance consistency across recordings.

Among the four strokes, butterfly is the most challenging
for all systems because its large upper-body movements
and dolphin kicks generate substantial motion artifacts and
water turbulence. These conditions significantly degrade
the performance of wearable PPG sensors, which are highly
sensitive to motion-induced changes in the optical path. As
shown in Figure 8, the MAEs of the temple-mounted PPG
sensor and Apple Watch increase to 6.2 bpm and 8.7 bpm,
respectively, with corresponding error standard deviations
of 8.7 bpm and 9.2 bpm. In contrast, SwimHR maintains an
MAE of 1.6 bpm and a standard deviation of 1.3 bpm. This
robustness stems from stationary pool-mounted sensing and
robust HR extraction, enabling it to better tolerate stroke-
dependent motion artifacts.
To further illustrate the robustness of SwimHR, Figure 9

shows representative heart-rate traces for one professional
swimmer across all four competitive strokes. The HR esti-
mated by SwimHR closely follows the Polar H10 ground-
truth reference across all strokes. In contrast, the wearable

PPG baselines exhibit larger deviations and unstable behav-
ior. In particular, during freestyle, the temple- and forearm-
mounted PPG show substantial drift and the Apple Watch
produces sparse updates, while SwimHR maintains consis-
tent tracking of HR changes. These examples are consistent
with the quantitative results in Figure 8, demonstrating that
SwimHR provides both accurate and temporally stable HR
estimates during active swimming across all four strokes.
Performance Across Swimmer Groups. We further com-
pare the performance of SwimHR across swimmer popula-
tions with different skill levels. For amateur swimmers, who
perform breaststroke only, SwimHR achieves an MAE of
0.9 bpm across 12 participants compared with 0.8 bpm for the
22 professional swimmers in breaststroke. These compara-
ble results indicate consistent performance across swimmer
groups despite differences in swimming proficiency.
In contrast, the wearable baselines exhibit a noticeably

larger performance gap between amateur and professional
swimmers (Figure 8). For example, the temple-mounted PPG
sensor shows an MAE of 8.9 bpm for amateur breaststroke
but improves to 2.7 bpm for professional swimmers. A likely
reason is that professional swimmers are more experienced
with such devices and can maintain more stable goggle fit
and sensor contact. This effect is particularly evident for
temple-mounted PPG sensing, whose performance depends
strongly on the goggle fit and sensor contact, both of which
may vary substantially across users.
This comparison highlights an important advantage of

SwimHR over wearable approaches: it does not require swim-
mers to wear or adjust any device. Users can simply enter the
pool and swim, while SwimHR continuously measures HR
without relying on prior experience with wearable sensors.

5.3 System Micro-benchmarks

Peak Detection Performance. We evaluate the contri-
bution of the U-Net detector by replacing only Stage 2 of
Algorithm 1 with a conventional NeuroKit2 baseline, while
keeping adaptive channel selection and temporal consis-
tency filtering unchanged. For each selected channel, we ap-
ply ecg_peaks() to both the original and polarity-inverted
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Figure 9: Representative heart rate traces for one professional swimmer across all four strokes.

Table 2: Mean ± std of HR MAE (bpm) using the Neu-
roKit2 and U-Net R-peak detection.

NeuroKit2 U-Net

Overall 1.30 ± 1.66 0.95 ± 0.92

Amateur breaststroke 1.18 ± 1.12 0.90 ± 0.79

Professional breaststroke 0.96 ± 0.93 0.78 ± 0.61

Professional freestyle 1.00 ± 0.90 0.90 ± 1.01

Professional backstroke 1.27 ± 2.29 0.83 ± 0.85

Professional butterfly 2.46 ± 2.47 1.56 ± 1.25

signals, and merge detections within 0.1 s by retaining the
largest absolute amplitude peak.

We evaluate both detectors using leave-one-swimmer-out
cross-validation on 170 manually annotated recordings, five
50m breaststroke trials per swimmer, totaling 8,500m. Fol-
lowing prior evaluations [24, 28], a detection is correct if it
falls within ±50ms of an unmatched reference R-peak. With-
out temporal filtering, the U-Net achieves an 𝐹1 score of 0.96,
compared with 0.92 for NeuroKit2; with filtering, the scores
improve to 0.97 and 0.93, respectively. These results show
that the U-Net provides more accurate R-peak detection than
the conventional baseline, while temporal consistency filter-
ing further reduces residual detection errors.
We further compare their HR estimation performance

across swimmer groups and strokes. As shown in Table 2,
the U-Net yields lower mean MAE in every category and
lower variability in most cases. The improvement is most
pronounced for butterfly, where MAE decreases from 2.46 ±
2.47 bpm to 1.56 ± 1.25 bpm, and for backstroke, where it de-
creases from 1.27±2.29 bpm to 0.83±0.85 bpm. These results
show that the U-Net improves both R-peak localization and
stroke-robust HR estimation, with particular benefits under
high-motion conditions such as butterfly.
ECG Validity. To validate our water-mediated ECG sens-
ing, we conduct a controlled experiment with one swimmer.
The participant floats on the water surface while holding the
pool edge, maintaining a stable swimming posture with the
body parallel to the pool bottom. We simultaneously record

Figure 10: Simultaneously recorded water-mediated
and reference ECG signals, filtered at 1–50 Hz.

two ECG signals for three minutes: (1) water-mediated ECG
acquired by SwimHR, and (2) a reference ground truth ECG
collected using gel electrodes attached to both arms above
the water surface. Under this controlled experiment, we ap-
ply a 1–50 Hz bandpass filter to both recordings to preserve
the P-wave, QRS-complex, and T-wave morphology. In con-
trast, the R-peak detection pipeline uses a 10–30 Hz filter
during active swimming to suppress motion artifacts and
emphasize the QRS complex.

We evaluate temporal alignment by detecting R-peaks in
both signals and computing the sample-wise timing error be-
tween corresponding peaks. The mean R-peak timing error is
0.65 samples, equivalent to 5.2ms at a 125Hz sampling rate,
demonstrating that water-mediated ECG sensing preserves
the temporal fidelity required for accurate HR estimation.
Figure 10 shows an example of two simultaneously recorded
ECG signals, where R-peaks align closely despite slight wave-
form differences caused by different lead configurations.
Different Swimming Pool Comparison. To evaluate
cross-pool generalization, three skilled amateur swimmers
(S1–S3) each complete a 500m breaststroke session in both
Pool A and Pool B. As shown in Table 3, theMAE remains low
and comparable, averaging 1.02 bpm in Pool A and 0.68 bpm
in Pool B. This result is notable because the pools differ in
both depth profile and water conductivity, two factors that
directly affect ECG transmission as discussed in Section 3.1.
Overall, these results indicate that SwimHR maintains re-
liable HR estimation across swimming pool environments.
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Table 3: MAE [bpm] of three swimmers across pools.

S1 S2 S3 Mean

Pool A 1.33 0.88 0.85 1.02

Pool B 0.92 0.56 0.55 0.68

5.4 System Usability

Evaluated Sensing Range. In our study setup, the tar-
get swimmer remained within ±1.25 m of the sensing elec-
trodes, corresponding to half the width of the 2.5m-wide
lane. Adjacent lanes remained open for normal pool use,
and some sessions included swimmers in neighboring lanes.
We observed no noticeable difference in the captured ECG
signals or HR estimation accuracy between sessions with
and without adjacent-lane swimmers, indicating negligible
interference under the evaluated deployment geometry.
Power Usage. The system operates at a measured current
of approximately 40mA during continuous sensing and wire-
less transmission. With a tiny 500mAh LiPo battery, this
corresponds to about 12.5 hours of continuous operation,
which is sufficient to support multiple swimming sessions
within a single deployment.
User Interview. In addition to quantitative evaluation, we
collected user feedback on both the SwimHR system and
the wearable baselines through a post-study questionnaire.
Participants rated their experience using a 5-point Likert
scale (1: Strongly Disagree, 5: Strongly Agree) based on the
following statements:
• Q1: I found the system/wearables comfortable to use.
• Q2: I like the experience of using the system/wearable.
• Q3: I prefer the SwimHR system to the wearable devices.
Overall, participants reported higher satisfaction with the

SwimHR system than with wearable devices (Figure 11(a)).
The most commonly cited reasons were improved comfort
and the absence of body-worn sensors that could interfere
with swimming movements. Figure 11(b) shows the skin
marks left by tightly worn wearables, illustrating the discom-
fort associated with such devices. Professional swimmers
in particular noted that wearable devices often shift or de-
tach during high-intensity strokes, which can both affect
swimming performance and reduce measurement reliability.

We also asked participants whether they would be willing
to use our system during regular training. Most participants
indicated that they would continue using it because it al-
lows them to swim without wearing any sensors. Only three
participants expressed hesitation, primarily due to concerns
about accidental contact with the system. To quantify this
risk, we recorded all contact events during the experiments
and observed only one instance of accidental contact across
all sessions, which did not cause any injury or discomfort.

Figure 11: (a) User ratings comparison between
SwimHR and wearable devices. (b) Skin indentation
from a tightly worn Polar Verity Sense.
We discuss possible design improvements to further reduce
such concerns in Section 6.

6 Discussions and Future Work

Limitations. We evaluate SwimHR only in pools up to
1.6m deep, using a research prototype that holds the elec-
trodes 1m below the water surface. Our results therefore
do not establish performance or deployment practicality in
deeper competition pools, where alternative mounting struc-
turesmay be required. Futureworkwill explore lower-profile,
adjustable-depth, and lane-divider-integrated designs. Al-
though most participants were willing to use the system,
some expressed concerns about accidental contact with the
underwater hardware. Future designs could reduce the physi-
cal profile of the electrode support or integrate the prototype
into existing pool infrastructure to minimize exposed com-
ponents and improve user confidence in the system.
Localizing the Swimmer. Beyond heart-rate monitoring,
the transmission model derived in Section 3.1 suggests that
the amplitude of the received ECG signal varies systemati-
cally with the swimmer–electrode distance. As a swimmer
moves along the lane, the ECG signal strength observed at
different electrode pairs changes according to this geomet-
ric relationship. In principle, this spatial variation could be
leveraged to estimate the swimmer’s position by identifying
the electrode pairs that observe the strongest signals or by
fitting the observed amplitudes to the model. The localiza-
tion granularity depends on the quality of the captured ECG
signals and the density of deployed electrodes. While we do
not explore this capability in this work, it opens the possibil-
ity of extending SwimHR to support swimmer localization
and lane-level activity analytics in future systems.
Multiple Swimmers within Sensing Range. Another
noteworthy capability of the proposed sensing principle is
capturing ECG signals from multiple swimmers simultane-
ously. Figure 12 illustrates an example where two stationary
swimmers are present in the same lane. The signal captured
by the lane-rope channel shows a mixture of ECGwaveforms
from both swimmers, while the reference channels confirm
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Figure 12: Example of mixed ECG signals when two
swimmers are present in the same lane. SwimHR cap-
tures a superposition of both swimmers’ ECG signals.

the individual ECG signals. This result demonstrates that
the sensing mechanism can capture multiple cardiac sources
within the same sensing region. In principle, the mixed sig-
nal could potentially be separated to recover individual ECG
traces using source-separation techniques combinedwith the
spatial structure of our electrode deployment. Our presented
user study considers only one swimmer per instrumented
lane. Recovering individual HRs from moving swimmers
would require source separation and identity association,
which we leave to future work.

7 Related Work

Underwater ECG Sensing. Prior work has explored un-
derwater ECG sensing using two main approaches: contact-
based sensing [6, 45, 50, 58] and non-contact sensing [19, 25,
26, 39, 47, 62, 63]. Contact-based methods rely on electrodes
directly attached to the skin [6, 50]. Prior work has focused
on developing specialized electrodes [45, 58] to mitigate the
limitations of traditional gel electrodes, which tend to lose
adhesion in water. However, these approaches still require
swimmers to wear sensing devices, which may interfere with
performance. Non-contact approaches instead exploit the
conductivity of water to transmit ECG signals to electrodes
positioned away from the body [19, 25, 39, 47]. This phe-
nomenon has been demonstrated primarily in confined envi-
ronments such as bathtubs. For example, Xu et al. [62, 63]
used non-contact ECG signals for identity recognition to im-
prove bathing safety, while Li et al. [26] extracted heart-rate
variability from bathtub ECG signals to assess stress levels.
In contrast, we extend this non-contact sensing principle to
large aquatic environments. To the best of our knowledge,
our work is the first to establish and validate a theoretical
model of ECG transmission through water and demonstrate
ECG sensing in real swimming conditions.
Underwater HR Monitoring. Accurate heart-rate mon-
itoring is important for both swimmer safety and perfor-
mance optimization in aquatic sports. Existing underwater
HR monitoring systems mainly rely on PPG-based sensing
or ECG-based sensing. PPG sensors estimate heart rate by

emitting light onto the skin and measuring variations in re-
flected or transmitted light intensity [56]. Commercial smart-
watches, such as the Apple Watch [1], provide wrist-based
optical HR monitoring during swimming, while swimming-
oriented optical sensors such as the Polar Verity Sense can
be worn on the arm or mounted on a swimming-goggle strap
near the temple [44]. Prior evaluations have shown that the
performance of optical wearables depends strongly on sensor
placement, fit, and swimming intensity [2, 4, 7, 40].
ECG-based HR monitoring estimates heart rate by de-

tecting R-peaks in the ECG waveform [42]. Commercial
chest straps, such as the Polar H10 [43], and research proto-
types [6, 20, 45] both rely on on-body electrodes to measure
ECG signals and compute HR from the intervals between
detected R-peaks. Other approaches use alternative sensing
modalities, such as acceleration and pressure sensors [27].
However, these methods impose a wearable burden and con-
strain swimmers’ movements, making them inconvenient
in aquatic environments. In contrast, SwimHR uses pool-
mounted electrodes and a pool-deck acquisition unit to esti-
mate HR without placing any device on the swimmer.

8 Conclusion
We present SwimHR, the first wearable-free system for con-
tinuouslymonitoring swimmers’ heart rate in standard swim-
ming pools via water-mediated ECG. SwimHR combines a
pool-scale transmission model, a deployable lane-scale sens-
ing hardware design, and a spatial-temporal HR extraction
pipeline to enable accurate and stable HR estimation without
requiring any on-body device. We evaluate SwimHR with
34 swimmers across two public pools and four competitive
strokes, and show that it achieves accurate HR monitoring
while substantially outperforming commercial wearables.
These results demonstrate the promise of aquatic infrastruc-
ture as a practical substrate for wearable-free physiological
sensing and open new opportunities for training analytics
and unobtrusive health monitoring in water.
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A ECG Simulation
Our simulation model consists of two components: a 3-D
model of cardiac electrical activity [55] and a swimming
pool environment. The cardiac electrical model, obtained via
email from the authors, includes the torso, lungs, and the
entire heart, including atria, ventricles, and blood chambers,
as shown in Fig. 13. The heart structures, such as atria and
ventricles, serve as the electrical source and form the basis
for ECG signal generation, while other structures, including
the blood chamber, lung and torso, are passive volume con-
ductors. The FitzHugh-Nagumo equations are modified to
define cellular activation of the heart structures. More details
about the equations and the geometric dimensions can be
found in the original paper.

Figure 13: (a) The 3-D cardiac electrical activity model.
(b) The cardiacmodel is immersed in a pool to simulate
ECG transmission through water.

Figure 14: (a) The reinforcing steel and concrete walls
surrounding the swimming pool. (b) The stainless-steel
ladder is at the corner of the pool.

The swimming pool environment, designed by us, is used
as a passive conductor to simulate the transmission of ECG
signals through water. The pool measures 5𝑚×5𝑚×1.5𝑚 and
is filled with water that has a conductivity of 0.05𝑆/𝑚. The
cardiac model is immersed to a depth of 0.2 m at the center
of the pool, and the voltage difference between two points
is measured to obtain the ECG waveforms. Two points are
positioned 0.5m apart on the left and right sides of the body,
with the body located at the midpoint and the electrodes

placed at half the height of the torso. According to the dis-
cussion on the pool’s environmental influences in section 3.1,
the corresponding parameters are modified to quantify their
influences:

Figure 15: (a) The relationship between signal strength
and various pool sizes. (b) The relationship between
signal strength and different water conductivities.

(1) Water Volume: The dimensions of the swimming pool
vary from 0.5𝑚×0.5𝑚, 1𝑚×1𝑚, 3𝑚×3𝑚, 5𝑚×5𝑚, to 9𝑚×9𝑚
while maintaining a constant depth. The cardiac model re-
mains centered in the pool regardless of its dimensions. As
shown in Figure 15(a), signal strength decreases with pool di-
mensions, but the attenuation rate plateaus once dimensions
exceed 3𝑚 × 3𝑚.
(2) Water Conductivity: The pool water’s conductivity is

increased from 0.01 to 0.1 S/m in increments of 0.01 S/m,
while the pool’s dimensions are fixed at 5𝑚 × 5𝑚 × 1.5𝑚. As
illustrated in Figure 15(b), when the dimensions of the swim-
ming pool are fixed, higher conductivity results in greater
attenuation of signal strength.

(3) Pool Safety Measures: To simulate the reinforcing steel
and concrete walls, the swimming pool is surrounded by
concrete walls with a thickness of 0.5 m, which contain rein-
forcing bars set to 0 V. The spacing between the reinforcing
bars is 0.5 m, and the radius of the bars is 8 mm. As shown in
Fig. 14(a), the grey area represents the concrete wall, while
the grid within it is the reinforcing steel. To simulate the
pool ladders, three stainless-steel steps are positioned at the
corner of the pool, as shown in Fig. 14(b). Each step is 50
cm in length, 10 cm in width, and 1 cm in thickness, with
a distance of 25 cm between adjacent steps. The steps are
set to 0 V. The reinforcing bars reduce 𝑉𝑝𝑝 from 176 𝜇V to
172 𝜇V, causing negligible signal attenuation. In contrast,
pool ladders significantly decrease 𝑉𝑝𝑝 to 66 𝜇V, reducing
signal strength to 38% of the original value.
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