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Photoplethysmography (PPG) has become a cornerstone of physiological sensing in wearable devices, enabling non-invasive
monitoring of heart rate and related biomarkers. However, its reliability deteriorates sharply under dynamic, high-intensity,
or non-periodic motions such as those in sports, where existing datasets fail to capture realistic wrist dynamics. To address
this gap, we introduce PPG-Sport, the first large-scale dataset designed for heart rate monitoring from wrist-worn PPG
under real sports conditions. The PPG-Sport dataset includes synchronized PPG, inertial measurement unit (IMU), and
electrocardiography (ECG) recordings from both wrists of 30 participants across six representative activities: stationary,
walking, running, badminton, table tennis, and basketball, amounting to 48 hours of multimodal data. PPG-Sport uniquely
captures three critical properties absent in prior datasets: (1) non-periodicity, reflecting irregular and broadband motion
patterns; (2) high intensity, with frequent, large-magnitude accelerations; and (3) bilateral asymmetry, caused by distinct
functional roles of the dominant and non-dominant hands during sports. We further establish a deep-learning-based benchmark
that combines both temporal and spectral representations of PPG and IMU signals to evaluate heart rate estimation performance.
Experimental results show that models trained only on conventional periodic activities fail drastically in sports scenarios.
Although incorporating sports data mitigates the degradation, significant errors remain. These findings highlight PPG-Sport
as an essential and challenging benchmark for developing motion-robust physiological sensing algorithms during sports
activities. Dataset and benchmark code are available at: https://github.com/LaserHu/PPG-Sport.
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1 INTRODUCTION

Photoplethysmography (PPG) has become one of the most fundamental sensing modalities for non-invasive
physiological monitoring, owing to its convenience and low cost. It enables the estimation of key vital signs,
including heart rate (HR) [46], respiration rate [18], and blood oxygen saturation [15]. Consequently, PPG has been
widely adopted in commercial wearable devices, such as smartwatches (e.g., Apple Watch [1]), fitness trackers
(e.g., Garmin series [8]), and even wireless earbuds (e.g., Powerbeats Pro 2 [10]). PPG has demonstrated remarkable
performance in HR estimation under low-intensity daily scenarios, such as resting, walking, or light jogging,
where stable skin contact and limited motion allow reliable signal acquisition. However, it continues to face
challenges under intense or dynamic conditions [2]. Major manufacturers, including Apple and Huawei, officially
acknowledge that their PPG sensors perform optimally during rhythmic exercises but may yield unreliable
readings in irregular or high-impact activities like tennis or basketball [5, 6]. Consistent with these reports, for
instance, a Reddit user documented a HR discrepancy of up to 60 beats per minute between a Garmin smartwatch
and a chest strap during a squash game [3]. Despite these challenges, in sports scenarios, accurate HR monitoring
with PPG is highly valuable for users, as it provides critical insights into training load, recovery status, and
potential health risks [24, 40].

The poor PPG sensing performance during sports stems primarily from the distinct motion dynamics that differ
fundamentally from the typical routine exercises like walking or running. Specifically, during walking or running,
wrist movements are rhythmic and repetitive, following a well-defined motion cycle that produces consistent
kinematic patterns and a narrowband motion energy spectrum. In contrast, sports such as badminton, table tennis,
and basketball involve diverse, non-repetitive actions with rapid swings, abrupt direction changes, and alternating
hand coordination, breaking this regularity. These complex motions generate trajectories with high variability in
both amplitude and duration, leading to irregular temporal structures and broadband frequency components.
Consequently, the corresponding PPG signals exhibit dispersed and asymmetric spectral characteristics, in stark
contrast to the clean, periodic waveforms observed in walking or running. To quantitatively characterize this
notion of motion non-periodicity, we later introduce the Harmonic Spectral Concentration Ratio (HSCR), which
measures how strongly the IMU spectral energy concentrates around the dominant frequency and its harmonics
(see Section 4.2).

These distinct motion patterns pose fundamental challenges to existing PPG-based heart rate estimation
algorithms. Most existing methods, whether handcrafted or data-driven, are designed and trained under low-
intensity, cyclic conditions. Therefore, they implicitly rely on the signal’s frequency-domain regularity [39, 63].
Their core principle involves identifying and removing motion-induced frequency components that overlap or
interfere with the cardiac rhythm. While effective for rhythmic activities like walking or running, this strategy
fails when motion becomes irregular and broadband as in sports. In such scenarios, the interference cannot be
mitigated through simple spectral filtering, since the relationship between motion and PPG distortion is highly
nonlinear and time-varying. Consequently, more advanced algorithms and models are required to robustly handle
complex motion artifacts and achieve accurate heart rate estimation.

Achieving this goal requires a PPG dataset that comprehensively captures diverse motion patterns inherent in
sports activities. However, existing public PPG datasets are inadequate for this purpose. As summarized in Table 1,
clinical datasets, such as MIMIC-III [45] and PulseDB [59], were collected in controlled hospital environments
using fingertip pulse oximeters, producing high-fidelity signals with minimal motion artifacts, rendering them
unsuitable for studying motion-related distortions. Laboratory datasets, including WESAD [56] and TROIKA [63],
shift data collection to the wrist and introduce structured activities such as walking or running. Nevertheless,
these repetitive motion patterns fail to represent the irregular and high-intensity dynamics of sports. Daily activity
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datasets, such as PPG-DaLiA [52] and WildPPG [42], further extend to naturalistic routines like working, eating,
driving, or commuting. However, these activities involve only light to mild wrist movements, far from the rapid
and multidirectional motion found in sports. Consequently, no existing dataset captures the intensive, dynamic,
and irregular motion diversity necessary to evaluate and improve PPG reliability in genuine sports scenarios.
Moreover, the lack of standardized benchmarks and publicly available code further hinders fair comparison and
reproducible evaluation of heart rate estimation algorithms under such complex motion conditions.

To bridge this gap, we present the PPG-Sport dataset, a first collection specifically designed for wrist-based heart
rate sensing in sports contexts. The data set comprises synchronized PPG, inertial (IMU), and ECG signals from
30 participants, with ECG providing the heart rate ground truth. Each participant wore two Empatica Embrace
Plus watches on both wrists and performed six representative activities: badminton, table tennis, basketball,
walking, running, and stationary, which together capture a broad spectrum of motion conditions. The three sports
were selected to represent highly dynamic and non-repetitive upper-limb movements, where the arms exhibit
large motion amplitudes, rapid swings, and diverse action patterns involving sudden changes in direction and
intensity. Walking and running sessions were included to ensure continuity and comparability with prior studies
focused on periodic locomotion, enabling fair cross-activity evaluation under identical sensor setups. Finally,
the stationary condition serves as a clean baseline, establishing an upper bound of PPG sensing accuracy in the
absence of motion artifacts. Along with the dataset, we provide a unified benchmark framework with released
code to facilitate reproducible evaluation and comparison of heart rate estimation methods across different
motion regimes (Link to the code repository will be added upon acceptance).

The PPG-Sport dataset captures three key properties that distinguish it from previous collections: (1) Non-
periodicity: Sports activities generate dispersed and irregular spectral distributions rather than narrowband
rhythmic patterns, reflecting the complex and highly variable limb trajectories observed in real sport movements;
(2) High intensity: In sports, wrist undergoes frequent, large-magnitude accelerations with rapid transitions
in both direction and amplitude, introducing substantial motion artifacts that challenge the stability of optical
sensing and expose algorithms to a broader range of signal degradations; and (3) Bilateral asymmetry: The
distinct functional roles of the dominant and non-dominant hands in sports (e.g., striking vs. balancing in table
tennis and dribbling versus guarding in basketball) produce markedly different motion and distortion patterns on
each wrist. This provides valuable insights for developing robust algorithms that generalize across wearing sides.

In summary, this work makes three key contributions:

e We introduce PPG-Sport, the first-of-its-kind large-scale dataset for wrist-based heart rate sensing in
real-world sports scenarios, featuring synchronized PPG, IMU, and ECG recordings from both wrists across
30 participants and six diverse activities. This dataset is tailored for studying PPG sensing in non-periodic
and high-intensity sports. The dataset is available at https://github.com/LaserHu/PPG-Sport.

o We develop and release a multimodal benchmark framework with open-source code that jointly leverages
temporal and spectral features from PPG and IMU signals. This framework establishes a reproducible
baseline for heart rate estimation on PPG-Sport, enabling fair comparison across methods under complex
motion conditions.

e Through extensive experiments, we demonstrate that models trained solely on conventional periodic
activities fail to generalize to highly dynamic sports. Even incorporating the sports data, performance
degradation persists, underscoring the need for more advanced, motion-resilient HR estimation algorithms.

2 RELATED WORKS
2.1 PPG Applications and Algorithms

Photoplethysmography (PPG) is one of the most widely adopted sensing modalities in wearable devices due to its
compact form factor, low power consumption, and rich hemodynamic information. A single PPG signal encodes
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multiple aspects of cardiovascular and autonomic function, supporting a broad spectrum of downstream tasks,
including heart rate (HR) and heart rate variability (HRV) estimation [46], blood oxygen saturation (SpO,) [15][16],
respiratory rate (RR) detection [18], blood pressure (BP) estimation [25][62], vascular stiffness analysis [27],
arrhythmia detection [48], as well as stress, emotion, and sleep stage recognition [16]. Across these applications,
the shared objective is to learn a stable mapping from PPG waveforms to target physiological indicators that
generalizes across users, devices, and real-world conditions [16].

Early PPG studies relied on handcrafted time-, morphology-, and frequency-domain features [16], combined
with statistical or classical machine-learning models such as linear regression, SVMs, and random forests [11][25][48].
While interpretable and computationally efficient, these approaches struggled to capture complex temporal dy-
namics. Recent advances have shifted PPG analysis toward end-to-end deep learning and multimodal fusion [47],
where CNNs, RNNs, and Transformer-based models directly learn latent representations from raw signals. The
integration of complementary modalities such as IMUs and ECG improves robustness under motion-intensive
scenarios [52], while attention mechanisms, self-supervised pretraining [22], and domain adaptation [13] enhance
cross-subject and cross-device generalization. Combined with lightweight architectures and deployment-aware op-
timization [62], deep multimodal pipelines have consistently outperformed traditional methods in both robustness
and transferability across daily-life and exercise benchmarks [52][13].

2.2 Reliable PPG Monitoring in Real-world Scenarios

The optical nature of PPG makes it inherently sensitive to external perturbations and individual physiological vari-
ability, leading to degraded reliability in real-world settings. Key factors include variations in contact pressure that
alter optical coupling and vascular perfusion [54][55][30]; motion artifacts (MA) that induce amplitude instability,
baseline drift, and waveform distortion [47][54]; sensor placement and wearing configuration (e.g., site, wrist
dominance, strap tightness, curvature), which modulate both optical path length and motion coupling [16][54];
and inter-individual and environmental variability such as skin properties, perfusion level, temperature, and
sweat [54]. These factors collectively distort waveform morphology and reduce signal-to-noise ratio (SNR),
thereby constraining the accuracy and generalizability of downstream physiological estimation models.

Among them, MA are the dominant source of performance degradation during daily activities and sports.
MAs arise from skin-sensor displacement, soft-tissue deformation, wrist rotation, and abrupt acceleration or
impact, with spectral components (0.1-10 Hz) that substantially overlap the cardiac band (0.5-4 Hz), rendering
conventional filtering ineffective. While periodic activities (e.g., running or cycling) generate quasi-harmonic
artifacts that are partially predictable, non-periodic, high-intensity, and multidirectional motions (e.g., ball sports
or resistance training) introduce irregular distortions that challenge both traditional signal processing and modern
deep models [54][47]. To mitigate these effects, prior work has explored algorithmic and hardware co-design
strategies, including accelerometer-assisted adaptive filtering [52], ICA-based separation, signal decomposition
and reconstruction methods such as EEMD, SSA [63], and joint sparse spectral modeling [58], as well as deep
multimodal PPG-IMU frameworks [52][12] and artifact-aware or self-supervised learning objectives [22]. On the
hardware side, multi-channel or multi-wavelength sensors [37], adjustable contact-pressure mechanisms [30], and
flexible multi-point sensor arrays [17] have been proposed to improve mechanical stability and motion robustness.
Despite these advances, most evaluations remain focused on periodic and structured activities [52][63], leaving
non-periodic, high-intensity, and multidirectional motions underexplored [54].

2.3 PPG Datasets

Table 1 summarizes representative publicly available PPG datasets in terms of release year, sensing modalities,
participant scale, activity types, motion non-periodicity and intensity, and sensor placement. These datasets have
been widely used to benchmark PPG algorithms under different motion conditions. For clarity, we categorize
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Table 1. Summary of representative PPG datasets. Non-Periodicity specifically refers to motion-induced non-periodicity,
categorized as periodic motion (X), non-periodic motion (v'), or not applicable (NA) for datasets without explicit movement.
Intensity reflects the level of hand movement and impact intensity associated with the activities, and Placements indicate
sensor wearing locations.

Dataset Year Modalities / Sensors #Part. Activity Types Non- Intensity Placements
Periodicity

Clinical Datasets

BIDMC [50] 2017 PPG, ECG 32 Resting NA Low Finger

PPG-BP [38] 2018 PPG, ECG 219 Resting NA Low Finger

MIMIC-III [45] 2022 PPG, ECG, ABP, RESP 5596 Resting NA Low Finger

VitalDB [36] 2022 PPG, ECG 5866 Resting NA Low Finger

Aurora [43] 2022 PPG, ECG, IMU, Tonometry 1125 Resting NA Low Non-dominant
Wrist

PulseDB [59] 2023 PPG, ECG, ABP 5381 Resting NA Low Finger

Laboratory Datasets

SDB [29] 2014 PPG, ECG, EEG 146 Sleep NA Low Finger
TROIKA [63] 2014 PPG, ECG, IMU 12 Walking, Running X Medium Single-Wrist
NIBP [26] 2017 PPG, ECG, FSR, PCG 32 Running X Medium Finger
BAMI [20] 2018 PPG, ECG, IMU 24 Resting, Walking, Running X Medium Single-Wrist
WESAD [56] 2018 PPG, ECG, IMU, EDA, EMG 15 Amusement, Stress, Meditation, NA Low Non-dominant
Recovery Wrist
MESA [61] 2018 PPG, ECG, EEG 2056 Sleeping NA Low Finger
Graphene-HGCPT [34] 2022 PPG, Bio-Z 7 Sedentary Activities NA Low Finger
PTT-PPG [41] 2022 PPG, ECG, IMU, TEMP 22 Resting, Walking, Running X Medium Fingers
EarSet [44] 2023 PPG, IMU 30 Walking, Running X Medium Ear
Lokomat-PPG [21] 2024 PPG, IMU 46 Robot-Assisted Gait Rehab v Medium Non-dominant
Wrist
ECSMP [28] 2024 PPG, ECG, IMU, EEG, TEMP 89 Resting, Cognitive Assessments v/ Low Non-dominant
Wrist, Ear
WE-PPG [30] 2025 PPG, ECG 27 Sedentary Activities NA Low Dominant Wrist,
Finger
UTSA-PPG [60] 2025 PPG, ECG, IMU 12 Sitting, Sleeping, Walking X Low Non-dominant
Wrist, Finger
Daily Activity Datasets
PPG-DalLiA [52] 2019 PPG, ECG, IMU 15 Resting, Walking, Stairs, Driving, v/ Medium Non-dominant
Cycling, Soccer Wrist
WildPPG [42] 2024 PPG, ECG, IMU, TEMP 16 Walking, Hiking, Stair Climbing, v/ Medium Dominant Wrist,
Eating, Resting Ankle, Sternum,
Head
PPG-Sport (Ours) 2025 PPG, ECG, IMU 30 Resting, Walking, Running, v/ High Dual Wrist
Badminton, Table Tennis,
Basketball

existing datasets into three groups according to their recording environments and motion characteristics: (1)
clinical datasets, (2) laboratory datasets, and (3) daily activity datasets, forming a continuum from stationary,
highly controlled settings to increasingly naturalistic scenarios.

Clinical datasets. Early datasets such as MIMIC-III [45], VitalDB [36], and PulseDB [59] were collected in
hospitals or intensive care units, typically using fingertip pulse oximeters that provide high-fidelity PPG signals
with minimal motion interference. These datasets are large in scale and include synchronized physiological signals
such as PPG, ECG, arterial blood pressure (ABP), and respiration (RESP), and have served as the foundation for
studies on cuffless blood pressure estimation and waveform transformation. However, their resting or low-motion
recording conditions and medical-grade form factors make them unsuitable for studying motion artifacts or
wearable sensing in everyday environments.
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Laboratory datasets. With the adoption of wrist-worn devices, laboratory datasets such as WESAD [56],
TROIKA [63], and PTT-PPG [41] extended clinical settings by introducing structured activities like walking or
running under controlled indoor conditions. These datasets often combine PPG with accelerometer and ECG
signals, enabling evaluation under mild motion artifacts. Nevertheless, the activities are typically short-term and
highly periodic, emphasizing reproducible motion patterns rather than natural variability, and mainly address
the transition from static to mildly dynamic scenarios.

Daily activity datasets. More recent datasets, including PPG-DaLiA [52] and WildPPG [42], move toward
free-living data collection and capture longer-term daily routines such as sitting, eating, working, or cycling.
While these datasets improve ecological validity, the recorded motions remain predominantly low-to-moderate in
intensity and largely regular in rhythm, falling short of representing the irregular, asymmetric, and high-impact
movements common in vigorous sports or non-repetitive upper-limb activities.

Limitations of existing datasets. Overall, existing PPG datasets exhibit limited motion diversity. Clinical
datasets focus on resting fingertip measurements, while laboratory and daily activity datasets shift to wrist-worn
sensing but still concentrate on periodic or low-intensity movements. Moreover, most datasets record from a
single wrist, neglecting bilateral motion asymmetry that naturally arises in sports and daily tasks. In contrast,
the proposed PPG-Sport dataset systematically captures bilateral wrist PPG together with synchronized ECG and
IMU signals across diverse sports, including badminton, basketball, and table tennis. By covering complex, non-
periodic, and high-intensity motions in realistic settings, PPG-Sport provides a unique benchmark for developing
and evaluating motion-robust physiological sensing algorithms in sports scenarios.

3 PPG-SPORT DATASET

As mentioned earlier, our primary goal is to construct a dataset that supports the development of algorithms
capable of reliable heart rate estimation under realistic sports conditions. These scenarios are dominated by
non-periodic and high-intensity body movements that introduce irregular baseline shifts, signal dropouts, and
severe motion artifacts—conditions under which conventional models often fail. To emphasize this challenge, we
focus primarily on three complex sports (badminton, table tennis, and basketball) that feature rapid, asymmetric,
and unstructured wrist motion. In addition, we include two periodic reference activities, walking and running, as
well as a stationary condition for fair comparison and cross-dataset compatibility. Together, these six activities
cover a broad spectrum of motion intensity, rhythm, and upper-limb involvement.

3.1 Activity selection

3.1.1  Badminton, Table Tennis, and Basketball. These three sports were chosen to represent non-periodic and
high-intensity activities that introduce complex and irregular wrist motion. They align with our design objectives
for two main reasons. First, these sports involve rapid, asymmetric, and unstructured upper-limb movements
such as swinging, striking, dribbling, or throwing, which generate substantial and unpredictable motion artifacts
in wrist-worn signals. Second, they typically cause large and rapid heart-rate fluctuations [23], making HR
monitoring particularly valuable for evaluating exercise intensity and physiological response during dynamic
sports. Below, we briefly describe the motion features of each sport.

Badminton. Badminton features frequent, large-amplitude swings of the dominant arm, including forehand
and backhand drives, drop shots, smashes, clears, and deceptive flicks. These strokes vary greatly in speed and
direction, producing sharp, non-repetitive wrist accelerations. The non-dominant arm mainly aids balance and
body rotation, thereby generating moderate but continuous movement. Players also move rapidly across the
court, combining jumping, lunging, and short-distance sprints. This combination of arm-swing and whole-body
motion layers multiple sources of movement, resulting in highly dynamic and irregular signal patterns [57].
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=

Polar H10 Chest Strap

Empatica Embrace Plus

Fig. 1. Hardware setup for the PPG-Sport dataset collection. Each participant wore two Empatica Embrace Plus devices on
both wrists and a Polar H10 chest strap around the lower chest.

Table Tennis. Compared with badminton, table tennis is performed within a smaller area but at a much
faster tempo. Players execute short and powerful strokes such as topspin drives, blocks, flicks, and chops, often
alternating between forehand and backhand within fractions of a second. The quick switching of stroke type and
direction, together with continuous micro-adjustments of posture and balance, yields frequent bursts of high-
frequency wrist motion superimposed on subtle lateral body movement. Overall, table-tennis actions exhibit high
temporal variability but limited spatial displacement, forming a distinct non-periodic motion pattern compared
to other sports [19].

Basketball. Basketball differs markedly from racket sports. Both hands are actively involved, alternating
between dribbling, passing, and shooting; however, the ratio of dominant to non-dominant hand use varies across
players. Notably, a large portion of play time also involves off-ball motion, including running, defending, and
rebounding. These alternating phases of fine hand control and full-body acceleration occur over a large court
area and feature frequent rhythm changes, from slow positional play to rapid transitions or sudden direction
shifts [35].

3.1.2  Walking and Running. Walking and running are incorporated as periodic reference activities, providing
a bridge between the resting state and high-intensity sports. While similar data exist in prior PPG datasets
[42, 52], their experiment setups, sensors, and participant populations differ considerably from ours. Including
these activities ensures compatibility for cross-dataset evaluation and allows a fair comparison of periodic
versus non-periodic motion effects on both PPG morphology and HR estimation performance under consistent
conditions.

3.1.3 Stationary. Although stationary poses do not involve physical movement, they are included as a necessary
reference condition. They represent the upper bound of PPG signal quality achievable under our experimental
setup and hardware configuration. The recordings collected during stationary sessions serve as a baseline for
quantifying the intrinsic performance limit of the device, independent of motion interference.

3.2 Hardware Setup

To collect synchronized multimodal physiological and motion data, we employed a sensing platform composed of
two wrist-worn smartwatches and one chest-worn reference strap. Each participant wore a pair of off-the-shelf
Empatica EmbracePlus [4], one on each wrist, to simultaneously record PPG and IMU signals.

As illustrated in Figure 1, both smartwatches were positioned on the outer side of the wrists, approximately
one finger’s width above the wrist bone, consistent with typical consumer usage. Participants adjusted the strap
tightness to ensure stable skin contact while maintaining comfort, providing reliable optical coupling for the PPG
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sensors. The IMU embedded in the smartwatch follows a dominant-handed coordinate system, where the x-axis
points toward the fingers, the y-axis points outward from the palm, and the z-axis points upward, perpendicular
to the back of the hand. In addition, a Polar H10 chest strap [9] was used to collect ECG signals, serving as the
ground truth for heart-rate estimation. The Polar H10 was worn horizontally around the lower chest, just below
the pectoral muscles, following the manufacturer’s recommended placement to maintain firm electrode contact
and minimize motion-induced noise.

The Empatica EmbracePlus watch recorded PPG and triaxial IMU signals at 64 Hz, whereas the Polar H10
chest strap recorded ECG at 130 Hz. Data were captured using dedicated iOS applications: the Empatica Care Lab
App for the smartwatches and ECGLogger for the chest strap. After each session, recorded files were retrieved
from the Empatica cloud server and from the ECGLogger app on the iPhone for offline processing. Although
the devices were not hardware-synchronized, each recording contained precise timestamps generated by its
companion app. These timestamps enabled accurate temporal alignment across modalities during subsequent
data processing.

3.3 Experimental Protocol and Environment

The data collection was conducted in realistic sports environments to capture physiological and motion signals
under conditions close to everyday physical exercise. Rather than a fully controlled laboratory study, we inten-
tionally allowed participants to perform each activity in their natural manner and at self-selected intensity levels.
As illustrated in Figure 2, the six activities were recorded in two on-campus locations covering both outdoor
and indoor environments. The first three activities, stationary, walking, and running, were performed on the
outdoor athletics track, while the remaining three, badminton, table tennis, and basketball, were conducted in
a multi-purpose indoor sports hall equipped with standard badminton courts, table tennis tables, and a half
basketball court.

For the stationary activity, participants sat quietly on a bench beside the track with both wrists relaxed and
placed naturally in a comfortable position. During walking and running, participants moved around the track at
their preferred pace and stride length, maintaining a steady rhythm. For the non-periodic sports, a skilled partner
assisted each participant to ensure realistic gameplay and consistent motion engagement. In badminton and
table tennis, over 80% of the session time was spent rallying, with short breaks for picking up balls. In basketball,
participants spent the majority of their time dribbling and shooting, interleaved with brief off-ball movements
such as defense or positioning. All participants used their own athletic apparel and shoes, but were provided with
standardized rackets and basketballs for consistency. Before each session, participants were equipped with all
sensors as described in Section 3.2. Each participant completed all six activities in sequence, with 8 minutes per
activity and 2-minute rest intervals between sessions to allow sufficient recovery. The principal investigator (PI)
annotated the start and end times of each activity in real time, enabling accurate segmentation of activity-specific
data based on timestamps during post-processing. Participants could request longer breaks when needed.

3.4 Ground Truth Reference

In PPG-Sport, we use chest-worn ECG signals recorded by the Polar H10 as the reference for heart rate estimation.
The Polar H10 has been widely adopted in prior wearable sensing and physiological monitoring studies [14, 30, 31]
as a practical reference device for heart rate measurement, particularly in mobile and exercise settings. For activities
such as stationary sitting, walking, and running, which involve limited upper-body motion, the reliability of chest
ECG has been well established in prior work and was also consistently observed in our recordings. However,
during non-periodic sports such as badminton, table tennis, and basketball, large and rapid upper-limb movements
can induce secondary chest wall motion through torso rotation and arm-shoulder coupling. These movements
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Stationary Walking Running Badminton Table tennis Basketball

8 minutes 8 minutes 8 minutes 8 minutes 8 minutes 8 minutes

Fig. 2. Overview of the data collection protocol illustrating the six recorded activities and their durations.
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Fig. 3. Chest ECG ground-truth signals from Polar H10 and detected heartbeat R-peaks across six activities.

may intermittently affect the electrode-skin contact of the chest strap, leading to visible waveform deformation
or baseline fluctuation in the ECG signal.

Importantly, our use of ECG as ground truth focuses on deriving heart rate via heartbeat R-peak timing rather
than on precise ECG waveform morphology. While upper-body motion can distort the ECG waveform shape,
the temporal structure of R-peaks remains largely preserved in our data. Figure 3 presents ECG signals from a
representative participant across all six activities, together with the detected heartbeat R-peaks. From Figure 3,
we observe that stationary ECG signals exhibit near-ideal morphology, while walking and running introduce
only minor variations. For the three non-periodic sports, waveform deformation becomes more pronounced
due to intensive arm and torso motion; nevertheless, the R-peaks remain clearly identifiable, enabling reliable
heart rate derivation even under vigorous activity. Therefore, despite potential waveform distortion during
high-impact sports, chest ECG recorded by a strap-based device remains a reasonable and sufficiently robust
reference for heart rate estimation in realistic sports scenarios. We acknowledge that ECG is not entirely immune
to motion-induced artifacts, but it provides the most reliable reference under these conditions.
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3.5 Participants

Thirty healthy volunteers (16 males and 14 females) participated in the data collection. Participants’ ages ranged
from 21 to 34 years (27 + 3.2 years, mean + SD), with a mean height of 172 + 6.8 cm and a mean weight of 65.1 +
13.3 kg, respectively. All participants reported no known cardiovascular or musculoskeletal disorders and were
capable of safely performing moderate- to high-intensity exercise.

To characterize inter-participant diversity, we collected each participant’s self-reported experience level for
the three non-periodic sports—badminton, table tennis, and basketball. The experience was rated on a three-
point scale: novice (little or no prior experience), intermediate (occasional recreational play), or experienced
(regular practice or competition). Across all three sports, most participants reported intermediate familiarity
(approximately 50%), with the remaining participants split between novice (20-30%) and experienced (20-30%)
levels. Reporting these experience levels helps contextualize variations in motion smoothness and exertion
intensity that may influence both IMU and PPG signal quality, and also enables future subgroup analyses based
on skill level.

All participants were recruited from the university community, including both undergraduate and graduate
students. They wore their own comfortable athletic clothing and shoes during the experiment and could rest
or withdraw at any time if discomfort occurred. Before participation, each individual was informed about the
study procedure and provided written consent. The experimental protocol was reviewed and approved by the
Institutional Review Board (IRB) of the authors’ institution, ensuring compliance with ethical research standards.
Detailed demographic and self-reported experience information for all participants is provided in the dataset’s
accompanying file participants.csv.

3.6 Data Processing and Organization

After the data collection, all raw signals were downloaded and processed offline following a unified pipeline,
including (1) data parsing and extraction, (2) timestamp-based alignment and trimming, (3) signal resampling,
and (4) standardized organization into the final repository structure.

3.6.1 Data Extraction and Preprocessing. The wrist-worn recordings were retrieved from the Empatica cloud
server, where each session was automatically stored as an . avro file containing timestamps, PPG samples, and
IMU channels. We parsed these Avro files to extract relevant fields and saved them as structured . csv files while
preserving the original timestamps for subsequent alignment. The ECG recordings from the Polar H10 were
directly exported from its companion iOS application in CSV format.

As described in Section 3.3, the start time of each activity was recorded during the experiment. Using these
timestamps, we precisely extracted the 8-minute segments corresponding to each activity from the continuous
recordings. This trimming procedure ensured temporal alignment across modalities (PPG, IMU, and ECG) within
the same duration while retaining the original sampling resolution and timing accuracy of each device.

3.6.2  Signal Resampling. To facilitate synchronized analysis, we resampled the ECG data from the Polar H10
(originally at 130 Hz) to match the 64 Hz sampling rate of the Empatica EmbracePlus devices. The resampling
was performed based on the recorded timestamps using linear interpolation to achieve uniform temporal spacing
after alignment. Each activity segment was then saved as a NumPy file containing exactly 64 (Hz) X 60 (seconds) X
8 (minutes) = 30,720 samples per signal channel. For reproducibility, both the processed . npy files and the original
.csv files (parsed directly from Avro data) are included in the released dataset.

3.6.3 Repository Structure and File Naming. All processed data are organized hierarchically by participant and
activity. Each participant has a folder named with a subject ID (501, S02, ..., S30), and within each folder, data
are grouped by activity. Every activity folder contains synchronized recordings from both wrists (dominant and
non-dominant) along with a single ECG reference. The file naming pattern is summarized in Table 2. The dataset
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and accompanying preprocessing scripts are publicly available at our anonymous repository® for reproducibility
and benchmarking purposes.

As most participants were right-handed, the dominant wrist is defined as the right wrist by default, while for
left-handed participants, recordings from the left wrist are consistently designated as the dominant wrist. To
maintain a unified IMU coordinate convention across participants, the x- and y-axes of the IMU signals from
left-handed participants are inverted, while the z-axis is kept unchanged.

For example, STON_badminton_ppg.npy represents the non-dominant wrist PPG recording of participant 10
during the badminton session, while S20_running_ecg.npy corresponds to the chest-strap ECG signal of partic-
ipant 20 during running. This structure allows each file to be uniquely identified by subject, wrist, activity, and
signal modality, ensuring convenient access for model training or analysis.

Table 2. File organization and naming convention.

Modality File Name Pattern

Non-dominant wrist PPG  SXXN_<activity>_ppg.npy
Non-dominant wrist IMU SXXN_<activity>_imu.npy
Dominant wrist PPG SXXD_<activity>_ppg.npy
Dominant wrist IMU SXXD_<activity>_imu.npy
Chest ECG (reference) SXX_<activity>_ecg.npy

3.6.4 Dataset Statistics and Supplementary Files. The final dataset contains synchronized multimodal recordings
from 30 participants performing six activities of 8 minutes each. In total, this corresponds to 30 (participants) X 6
(activities) X 8 (minutes) = 1,440 minutes (or 24 hours) of ECG reference data, and twice that amount for each wrist
modality (PPG and IMU), yielding approximately 48 hours of recordings per signal type from both the dominant
and non-dominant wrists.

Participant demographic attributes are provided in a separate file, participants. csv, which lists each partici-
pant’s gender, age, height, weight, and familiarity levels with badminton, table tennis, and basketball.

4 PRELIMINARY VISUALIZATION AND DATA CHARACTERISTICS
4.1 Signal Overview

To provide an intuitive sense of how different activities manifest in physiological and motion signals, we visualize
the chest ECG reference, dominant wrist PPG, and IMU recordings in the time domain. Figure 4 presents 8-second
segments of synchronized signals, where the IMU magnitude is computed as the vector norm of the three
acceleration axes. As shown in the figure, the three modalities exhibit distinct patterns across activity types.
In (a) Stationary, both PPG and ECG show highly regular waveforms, with the PPG closely aligned with the
ECG-derived ground truth, indicating clear cardiac coupling under minimal motion. As the activity transitions to
Walking and Running, rhythmic oscillations emerge in both PPG and IMU signals with increasing amplitude,
consistent with regular arm swings. Interestingly, although Running produces larger acceleration magnitudes, the
PPG waveform remains relatively stable because the arm moves primarily in a plane perpendicular to the optical
sensor’s contact surface, reducing direct mechanical deformation at the skin interface. For the three vigorous and
non-repetitive sports, Badminton, Table Tennis, and Basketball, the IMU signals show sharp, irregular bursts,
while the PPG waveforms become heavily distorted and highly irregular. These observations illustrate the wide

Thttps://github.com/LaserHu/PPG-Sport
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Fig. 4. Time-domain visualization of dominant wrist PPG, ECG and IMU signals across six activities.

range of motion intensity and signal variability captured in PPG-Sport, which forms the basis for the following
analyses on motion periodicity, intensity, and symmetry.

4.2 Motion Periodicity

Figure 5 illustrates the frequency-domain representations of PPG, ECG, and IMU signals across six representative
activities, computed over 120-second windows to capture long-term temporal dynamics. For Stationary, the IMU
spectrum is nearly flat, while both PPG and ECG exhibit a distinct heartbeat peak (highlighted in red), showing
strong spectral alignment between the two physiological signals. In Walking and Running, the IMU energy is
sharply concentrated around a single dominant frequency and its harmonics, reflecting highly periodic arm
swings. After conceptually removing these motion-related components from the PPG spectrum, the remaining
prominent peak still aligns with the ECG-derived heart rate, suggesting that cardiac frequency remains separable
under regular, rhythmic locomotion. In contrast, for Badminton, Table Tennis, and Basketball, the IMU spectra
become widely dispersed, implying rapid transitions between gestures with varying swing rates and impact
intensities. Correspondingly, the PPG spectra are dominated by broadband motion-induced energy that fully
masks the cardiac peak seen in the ECG, highlighting the substantial challenge of extracting heart rate under
vigorous, non-periodic activities.

To quantitatively describe the degree of motion periodicity, we define the Harmonic Spectral Concentration Ratio
(HSCR), which evaluates how strongly the IMU spectral energy concentrates around the dominant frequency and
its harmonics within the 0-5 Hz range:

E(fo £ Af) + EQ2fo = Af) + E(3fo £ Af)

Etotal, 0-5Hz

HSCR = 1)

where f; denotes the dominant frequency, Af is a small bandwidth (e.g., 0.1 Hz), and E(-) represents the
spectral energy integrated over the specified range. The denominator Ei,1 0-51 is the total spectral energy
within 0-5 Hz. A higher HSCR indicates strong spectral concentration and thus more periodic motion, whereas a lower
HSCR corresponds to dispersed spectral energy and irregular, non-repetitive motion patterns. The HSCR values in
Figure 5 clearly differentiate rhythmic activities such as walking and running from the irregular, dynamic sports.
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Fig. 5. Frequency-domain visualization of dominant wrist PPG, ECG and IMU signals across six activities.
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Fig. 6. Cumulative distribution functions of HSCR across six activities and the overall dataset.

Figure 6 further illustrates the cumulative distribution functions (CDFs) of HSCR across the six activities as well
as the overall dataset, providing a distributional view of motion periodicity under different activity patterns.

4.3 Motion Intensity

To better illustrate the increased motion intensity in our dataset, we compare PPG-Sport with PPG-DaLiA [51], a
widely used daily-activity dataset that includes a broad range of everyday scenarios. Figure 7 presents representa-
tive dominant wrist IMU signals from six activities in PPG-DaLiA (a—f) and PPG-Sport (g-1).

For the shared activities, Stationary and Walking, both datasets exhibit similar temporal patterns, confirming
comparable signal quality and sensor configurations. Comparing Stairs from PPG-DaLiA with Running from
PPG-Sport reveals that while both are periodic motions, the amplitude of acceleration in running is considerably
larger, reflecting greater hand movement and impact intensity.

In contrast, PPG-DaLiA’s three non-periodic activities, Driving, Cycling, and Soccer, show only occasional
motion bursts separated by long stationary intervals. These signals have relatively low amplitude, indicating mild
arm movements. Moreover, the main body motion in cycling or soccer originates from the lower limbs rather
than the wrist, resulting in weaker IMU responses.

In comparison, the three sports in PPG-Sport, Badminton, Table Tennis, and Basketball, involve frequent and
vigorous hand movements with large amplitude and short inter-motion intervals. The corresponding IMU signals
exhibit dense, high-energy fluctuations that continuously vary in both magnitude and timing. Such intense and
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Fig. 7. Comparison of dominant wrist IMU time-domain signals between PPG-DaLiA (a-f) and PPG-Sport (g-I).
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Fig. 8. Cumulative distribution functions of motion intensity across six activities and the overall dataset.

irregular wrist dynamics introduce strong motion artifacts into the PPG signal, posing significant challenges for
robust heart rate estimation during high-impact sports.

To further quantify these differences in motion intensity, Figure 8 visualizes the distribution of window-level
wrist motion intensity across activities in PPG-Sport. Here, motion intensity is defined as the mean-squared
acceleration magnitude within each window, expressed in units of g?. The cumulative distribution functions
clearly show that running exhibits modestly higher acceleration intensity than daily activities, while racket
sports and basketball demonstrate even higher and more variable intensity levels due to frequent and irregular
hand movements.

4.4 Motion Symmetry

Another distinguishing feature of PPG-Sport is its bilateral wrist recording, which enables the analysis of motion
symmetry across activities. Unlike previous datasets that typically include signals from only one wrist, PPG-Sport
simultaneously captures PPG and IMU data from both sides. This design allows a more comprehensive view of
whole-body dynamics and helps examine how similar or different the motion patterns of the two hands are under
different conditions.

As shown in Figure 9, we present representative dominant and non-dominant PPG (upper part) and IMU
(lower part) signals across six activities. We note that motion symmetry is inherently a relational property
between the two wrists and is therefore more appropriately illustrated using paired bilateral signals rather than
summarized by a single scalar distribution. For periodic activities such as Walking and Running, the signals
exhibit not only clear rhythmicity but also high bilateral similarity. Although the two hands move alternately
rather than synchronously, they follow the same temporal rhythm, resulting in overall waveform patterns that
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Fig. 9. Representative dominant and non-dominant wrist signals across six activities, where the upper panels show PPG and
the lower panels show IMU recordings.

closely resemble each other. In contrast, sports such as Badminton, Table Tennis, and Basketball reveal strong
asymmetry between the two sides: the dominant hand exhibits higher acceleration amplitudes and denser motion
bursts, introducing stronger motion artifacts into the PPG signal, while the non-dominant hand moves with
lower intensity but follows distinct coordination patterns. Although these auxiliary motions are less vigorous,
they still alter the PPG waveform through subtle shifts in wrist posture and muscle tension.

These observations indicate that single-wrist data may not adequately represent the overall motion charac-
teristics during asymmetric activities like sports. The signal features and motion-induced distortions can differ
substantially between the two wrists, meaning that models trained on one hand may not generalize well to the
other. The bilateral design of PPG-Sport effectively addresses this limitation by providing synchronized dominant
and non-dominant wrist recordings for comprehensive motion analysis.

4.5 Heart Rate Distribution

Heart rate varies substantially across activities and intensity levels. A dataset with a limited or highly skewed HR
distribution can bias model learning, as the network may only experience a narrow physiological range during
training. Consequently, models trained on such data often fail to generalize to unseen conditions, for example,
underestimating HR during vigorous exercise, since high-intensity samples are underrepresented or absent.
Ensuring sufficient coverage across the full HR spectrum is thus crucial for training robust and generalizable HR
estimation models.

To examine the HR coverage of our dataset, we first segmented the ECG reference into 8-second windows and
then applied a standard peak-detection algorithm to compute the heart rate for each window. We then plotted
the cumulative distribution functions (CDFs) of HR values across all six activities and the overall dataset, as
shown in Figure 10. The distributions exhibit clear separation between activities: stationary and walking sessions
concentrate below 100 bpm, while running and high-intensity sports (e.g., badminton, table tennis, basketball)
span a much broader range up to 180-200 bpm. This balanced and continuous coverage across low, moderate,
and high HR regions indicates that our dataset captures diverse physiological states, providing a solid foundation
for developing models that generalize well across varying physical intensities.
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Fig. 10. Cumulative distribution functions of ground-truth heart rate (HR) across six activities and the overall dataset

5 BENCHMARK TASKS AND BASELINE MODELS
5.1 Benchmark Task Definition

We define a single benchmark task in PPG-Sport: motion-robust heart rate estimation from wrist-worn PPG and
IMU signals collected across diverse sports activities. The ground-truth heart rate is derived from the chest-worn
ECG using peak detection. To further examine the consistency and symmetry of motion coupling between the
two wrists, we train two independent models, one using the non-dominant wrist signals and the other using the
dominant wrist signals.

5.2 Data Preparation and Segmentation

Al PPG and IMU signals are segmented into overlapping windows of 8 seconds with a 2-second hop size, following
common practices in prior heart rate estimation studies [39, 63]. This configuration provides sufficient time
to capture multiple cardiac cycles while ensuring adequate data volume for model training. The PPG signals
collected from the wrist-worn devices are already DC-coupled, and thus no additional filtering is applied. For the
IMU data, we retain the raw three-axis IMU signals without gravity removal to preserve the complete motion
dynamics associated with each activity. To maintain consistency between dominant and non-dominant hand
data, we identify participants who are left-handed and swap their left/right wrist data. Correspondingly, the x-
and y-axes of the IMU signals are inverted to align motion directions across participants, while the z-axis is kept
unchanged.

We adopt a subject-wise random split, where data from 20, 4, and 6 participants are used for training, validation,
and testing, respectively. The split is generated using a fixed random seed for reproducibility. Compared with
leave-one-subject-out (LOSO) evaluation, this setting significantly reduces evaluation time while still effectively
assessing model generalization to unseen users. The ground-truth heart rate for each window is computed from
the ECG reference using a simple peak-detection algorithm, averaging the detected inter-beat intervals within
the same 8-second window.

5.3 Baseline Model

The overall architecture of our baseline model is shown in Figure 11. The network adopts a multimodal end-to-end
design that jointly leverages wrist PPG and IMU signals for heart rate estimation. It consists of four components:
(1) parallel PPG and IMU encoders, (2) an Artifact Cancellation Unit for motion suppression, (3) a Fusion and
Attention module for multimodal interaction, and (4) an Auxiliary Spectral Head that regularizes frequency-domain
consistency during training.

Feature Encoding. Two parallel encoders process the PPG and IMU modalities, respectively. The PPGEncoder
employs a series of depthwise-separable temporal convolutional blocks with exponentially increasing dilations
(e.g., 1, 2, 4, 8, 16), a standard design in temporal convolutional networks for capturing multi-scale temporal
dependencies while keeping the model compact. The initial convolution layer uses a relatively large kernel (k=41,
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Fig. 11. Overall architecture of the baseline model for heart rate estimation from single wrist PPG and IMU signals.

padding=20) to cover approximately 0.6 s of signal at 64 Hz, roughly corresponding to one cardiac cycle under
normal heart rates. This design allows the encoder to perceive complete pulse morphologies and short-term
waveform variations from the very first layer. In contrast, the ACCEncoder adopts a similar structure but with a
smaller kernel (k=5, padding=2) to emphasize rapid, non-periodic motion fluctuations captured by the tri-axial
accelerometer. Such asymmetric kernel choices effectively balance the physiological and motion timescales,
enabling the model to extract complementary features from the two modalities.

Artifact Cancellation Unit. The Artifact Cancellation Unit (ACU) jointly processes the encoded PPG and
IMU features to perform adaptive artifact suppression through two complementary mechanisms. First, it employs
a Cross-FiLM [49] modulation, where the IMU features are transformed into channel-wise scaling and shifting
coefficients that dynamically modulate the PPG feature maps; this design enables efficient conditional modulation
with low computational overhead, making it well-suited for a compact baseline model compared to more complex
attention-based fusion strategies. Second, the module predicts a residual noise component directly from the
IMU stream using a small convolutional subnetwork with dilated kernels to capture both short- and mid-range
temporal dependencies. The predicted artifact is then subtracted from the raw PPG waveform to achieve direct
denoising in the time domain. To prevent over-suppression or distortion of genuine pulse components, a learnable
gating branch produces an element-wise weight map that adaptively balances the contributions of the modulated
PPG and the residual-subtracted signal. Finally, a lightweight temporal projection layer aggregates the cleaned
representation back into a one-channel time-domain signal.

Fusion and Attention. After motion artifact suppression, the cleaned PPG signal is fused with IMU features
to form a joint representation that captures both physiological and kinematic cues. The cleaned PPG signal is first
projected into the IMU latent space via a 1x1 convolution and concatenated with IMU features along the channel
dimension. The fused representation is then refined by two depthwise-separable temporal convolutional blocks
with short dilation factors (1 and 2) to model local temporal correlations. To enhance inter-modal interaction and
temporal reasoning, we introduce a LiteCrossAttnBlock, a streamlined multi-head attention layer that uses PPG
features as the query and the fused multimodal representation as key-value pairs. This design allows the model
to focus on motion-affected segments while preserving intervals dominated by clean physiological rhythms.
Finally, an attention pooling head aggregates the temporal features into a single heart rate prediction per window.
A learnable query assigns adaptive attention weights across time steps, emphasizing pulse-dominant regions and
down-weighting motion-contaminated segments, followed by a small MLP to regress the mean heart rate.

Auxiliary Spectral Head and Losses. While the primary regression head predicts mean heart rate in the
time domain, we additionally introduce an Auxiliary Spectral Head to provide frequency-domain supervision. The
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Table 3. Architecture summary of the baseline model (input window: 4x512 at 64 Hz; total parameters: 972,452).

Module Configuration (main layers) Output
PPGEncoder Stem Conv1D: 1— 96, k =41; 5X DepthwiseSeparableTCN (k =9, dilations {1, 2,4, 8, 16});

1x1 projection: 96 — 192 192 X 512
ACCEncoder Stem Conv1D (grouped): 3 — 96, k=5, groups= 3; 4x DepthwiseSeparableTCN (k =9, dilations {1, 2, 4, 8});

1x1 projection: 96 — 192 192 X 512
ACU Cross-FiLM from IMU: 192 — 128 — 384 (to produce y, f);

artifact predictor: Conv1D 192 — 128 (k=3) — Conv1D 128 — 128 (k =3, dilation= 2) — Conv1D 128 —1;

gating: 1x1 Conv on concat(192 + 192)—64—1; time projection: 1x1 Conv 192—1 1x 512
FusionRefine clean projection: 1x1 Conv 1— 192; concat with IMU feat (192 + 192) then 1x1 reduce 384 — 192;

2% DepthwiseSeparableTCN (k =9, dilations {1, 2}) 192 x 512
LiteCrossAttnBlock MultiheadAttention (d =192, heads= 4), PPG as query and fused features as key/value;

FFN: Linear 192 — 768 — 192 with GELU; residual + LayerNorm after attention and FFN 192 x 512
AttnPoolHead learnable query attention pooling over time + MLP 192 — 96— 1 HR: scalar
SpectralHead STFT (n_f ft = 256, hop=32), mean magnitude spectrum, interpolated to 30-210 bpm grid (181 bins) 181-d logits

spectral head applies a short-time Fourier transform (STFT) to the cleaned PPG waveform output by the ACU and
computes its mean magnitude spectrum, which is interpolated onto a predefined 30-210 bpm grid aligned with
the physiological heart-rate range. During training, the network predicts an unnormalized spectral distribution
and is supervised by a soft Gaussian target centered at the ground-truth heart rate using a KL-divergence loss.
This auxiliary constraint encourages spectral energy to concentrate around the correct frequency and mitigates
common half-rate or double-rate errors. In addition, we introduce a lightweight decoupling regularizer that
minimizes residual correlation between the cleaned PPG and the raw accelerometer magnitude, encouraging
the model to separate motion-related artifacts from physiological content rather than re-encoding motion cues.
The final training objective combines three terms: a time-domain regression loss (£L1), a spectral alignment
loss (Lspec), and a decoupling loss (Lgec). The loss weights are empirically selected to balance the auxiliary
objectives and ensure stable convergence:

Liotal = L11 +0.2 Lspec + 0.1 Lgec.

Table 3 summarizes the detailed architectural configuration of the baseline model, including the depth of
each encoder, kernel, and dilation settings, attention design, and overall model scale. These design choices are
informed by prior work [13, 32, 33] in PPG-based sensing and motion artifact mitigation, where multi-scale
temporal modeling and conditional feature modulation are effective and robust in practice.

6 RESULTS AND ANALYSIS

We adopt a subject-wise 5-fold cross-validation protocol to ensure robust and unbiased performance evaluation
across participants. Specifically, the 30 subjects are randomly partitioned into five mutually exclusive folds, each
containing six subjects. For each fold, models are trained on data from four folds (24 subjects) and evaluated on
the remaining fold (6 subjects), ensuring that training and testing subjects are strictly disjoint.

Within each training split, a small subset of subjects is further held out for validation to monitor convergence
and select the best-performing checkpoint. All models are trained for 30 epochs with a batch size of 64 and an
initial learning rate of 3 X 10~ using the AdamW optimizer with a cosine learning-rate schedule. Mixed-precision
training is enabled to accelerate convergence.

Performance is evaluated using the mean absolute error (MAE) and Standard Deviation (SD), measured in
beats per minute (bpm), between the predicted heart rate and the ECG-derived ground-truth heart rate. For each
fold, we select the model checkpoint with the lowest validation MAE and evaluate it on the held-out test subjects.
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Table 4. Heart rate estimation performance (MAE + SD in bpm) across six activities under different training data coverage and
hand placement settings, averaged over 5-fold subject-wise cross-validation. (a)—(c) compare periodic-only versus all-activity
training on the dominant and non-dominant hand;

Stationary Walking Running Badminton Table Tennis Basketball ‘Overall MAE

(a) Periodic-Only Training, Dominant Hand

112+ 1.57 259 +191 318 £245 2276 +£9.32 16.54 £ 7.79 16.86 +£ 9.71 ‘ 10.51
(b) Periodic-Only Training, Non-dominant Hand

1.09 £ 2.29 253+231 3.75+435 886 +8.59 9.16 £ 5.98 12.70 £ 12.55 ‘ 6.35
(c) All-Activity Training, Dominant Hand

143 £1.77 286 +254 4.28+354 1042+ 9.99 9.09 + 14.90 13.25 £ 7.42 ‘ 6.89

All reported results in this paper are obtained by averaging performance across the five folds, providing a more
stable estimate of model generalization across unseen subjects.

6.1 Performance on Periodic-Only Training

As we mentioned in Section 1, models trained on only periodic and low-intensity activities often struggle to
handle complex sports scenarios involving rapid and irregular motions. To verify this limitation, we conducted an
experiment using only periodic activities for training and evaluated the model across all six activities. Specifically,
we trained and validated our baseline model described in Section 5.3 using only three periodic or light activities,
stationary, walking, and running. The testing stage, however, covered all six activities, including three additional
high-intensity sports: badminton, table tennis, and basketball. This configuration simulates a realistic scenario
where the model (trained with existing public PPG dataset without involving our collected sports activities)
encounters unseen, non-periodic motions at deployment.

Table 4 (a) reports the results for the dominant hand, which primarily performs the sporting actions. When
trained only on periodic activities and evaluated across all six activities, the model performs well on the seen
activities, achieving MAE values generally below 3 bpm. In contrast, performance degrades sharply once the
model encounters the three unseen sports, where errors increase by an order of magnitude. Figure 12 illustrates
a representative example from one subject’s dominant hand, showing both the predicted and ground-truth
heart-rate traces. While the prediction closely follows the ground truth during walking and running, it exhibits
large fluctuations during badminton, table tennis, and basketball. This stark contrast indicates that models
trained solely on periodic, low-intensity motions suffer severe degradation when exposed to unseen, irregular
activities. Importantly, this degradation arises not only because these activities are unseen during training, but
also because their motion patterns differ fundamentally from those in the training set, being more non-periodic
and impact-heavy. These findings highlight the necessity of including such challenging motion patterns in
training datasets to enable robust heart-rate estimation in realistic sports scenarios.

6.2 Performance on Non-dominant Hand

In non-periodic sports, the non-dominant hand typically plays a supporting role, contributing to balance and
assisting force generation rather than executing the primary actions. As shown in Figure 9 previously, the
non-dominant hand generally exhibits lower motion intensity than the dominant, suggesting that motion artifacts
might also be less pronounced. This raises an intuitive question: could heart rate monitoring during sports be
improved simply by wearing the device on the non-dominant hand?
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Fig. 12. Comparison between predicted and ground-truth heart rate across six activities for a representative subject (dominant
hand).

To examine this hypothesis, we followed the same experimental setup as in Section 6.1, training the model using
only periodic activities (stationary, walking, and running) and evaluating it across all six activities with data from
the non-dominant hand. The results are summarized in Table 4(b). On average, the non-dominant-hand model
achieves an overall MAE of 6.35 bpm, which is only marginally better than the corresponding dominant-hand
result under the same training setting (10.51 bpm in Table 4(a)). This indicates that while reduced motion intensity
offers some benefit, estimation errors still increase sharply once activities become non-periodic. This is primarily
because irregular and multidimensional wrist movements—such as rotation, flexion, and changes in contact
pressure—alter optical coupling and local blood perfusion at the wrist, introducing complex and time-varying
artifacts that differ fundamentally from those observed in periodic motions. As a result, despite its lower motion
intensity, the non-dominant hand does not eliminate the core challenges of wearable PPG sensing during sports.

From a practical perspective, wearing the device on the non-dominant hand can serve as a situational mitigation
strategy, consistent with the recommendations of many commercial smartwatches for achieving more stable
physiological monitoring. However, many sports-oriented applications [7] explicitly require placement on the
dominant wrist to capture performance-related motion patterns, such as racket swings or striking techniques.
Consequently, robustness under intense and non-periodic motion remains unavoidable in real-world sports
scenarios. In this context, our results suggest that incorporating realistic sports data during training addresses
the underlying motion regimes more directly, whereas changing the wearing side alone provides only limited
and activity-dependent benefits.

6.3 Performance on Extended Activities Training

Although PPG-Sport introduces three additional sports beyond conventional walking and running, an immediate
question arises: is simply adding sports data sufficient to achieve robustness in complex motion scenar-
ios? To examine this, we retrained the baseline model using all six activities for training, validation, and testing.
Table 4 (c) summarizes the MAE across six test subjects and six activity types. Compared to the previous setting
(Section 6.1), the inclusion of non-periodic sports data substantially improves performance on those activities,
especially for badminton and table tennis, whose average MAE decreases by roughly half. This demonstrates
that incorporating diverse motion patterns indeed helps the model generalize better to dynamic and irregular
movements. However, this improvement comes with a trade-off. The MAE for the previously well-performing
periodic activities (stationary, walking, and running) slightly increases. One possible reason is that the expanded
training data introduces larger variability in motion patterns, forcing the model to balance between fundamentally
different motion domains. Another contributing factor could be that the optimization process now emphasizes
robustness to motion artifacts rather than precision under stable conditions.

These results reveal an important insight: adding data alone is not enough. Although the extended training set
improves robustness, the model still fails to achieve the ideal accuracy level observed in Section 6.1 (below 3 bpm
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Table 5. Heart rate estimation performance (MAE + SD in bpm) across six activities under cross-hand generalization.

Stationary Walking Running Badminton Table Tennis Basketball ‘Overall MAE

(a) Cross-Hand Evaluation (Dominant — Non-dominant)

137 +£1.81 595+396 4.60+475 14.72+17.39 14.26 +16.75 23.88 £21.48 ‘ 10.80
(b) Cross-Hand Evaluation (Non-dominant — Dominant)
2.94 +£258 490 +4.58 6.27+5.02 29.04 +23.29 31.40 £ 14.82 22.72 + 23.37 ‘ 16.21

for periodic motions), and the performance for sports activities is still lower than that for walking and running.
This suggests that the key challenge lies not merely in data coverage but in model design. Future approaches
should incorporate domain-aware architectures and tailored loss functions to explicitly model how motion
artifacts distort PPG signals, enabling the network to truly disentangle physiological rhythms from complex
movement interference.

6.4 Performance on Cross-Hand Evaluation

During sports activities, the two hands often play very different roles. The right hand (dominant hand) typically
performs the main actions, such as swinging or dribbling, while the left hand mainly assists with balance and
coordination. This asymmetry leads to distinct motion patterns between the two hands. In contrast, activities like
walking or running feature rhythmic, alternating arm movements that are inherently symmetric. We therefore
hypothesize that models trained on one hand may not generalize well to the other, especially for non-periodic
sports. To verify this, we followed the same training protocol as in Section 6.3 and trained two separate models
using all six activities—one with right-hand data and the other with left-hand data. Each model was then evaluated
on the opposite hand’s data after reversing the IMU axes for alignment.

Table 5 summarizes the results for (a) training on the right hand and testing on the left, and (b) training on
the left hand and testing on the right. The results show that for periodic activities such as walking and running,
performance remains relatively stable, suggesting that their motion and physiological patterns are symmetric
across hands. However, for the three sports, performance drops drastically, indicating that a model trained on
one hand cannot directly transfer to the other. Interestingly, the model trained on the right hand generalizes
slightly better to the left than vice versa. This may be because the right-hand data contain a wider range of
motion intensities—including moderate movements, whereas the left hand predominantly exhibits auxiliary and
low-intensity motions, providing fewer transferable patterns. These findings highlight the pronounced asymmetry
between hands in complex sports and suggest that future algorithm designs should explicitly account for this
factor. Possible directions include collecting dual-hand data for training, introducing hand-aware representations,
or leveraging data augmentation strategies to improve cross-hand generalization, since users may wear devices
on either wrist in real-world use.

6.5 Performance on Cross-Dataset Evaluation

To examine the distributional differences between our sports-oriented and previous daily-life PPG datasets, we
conduct a series of cross-dataset evaluations using PPG-Sport and PPG-DaLiA. Our goal is to use a unified heart
rate estimation model as a probing tool to quantify the domain gap between the two datasets. Specifically, models
are trained on one dataset and directly evaluated on the other without any fine-tuning.

To ensure a fair comparison, we align the experimental settings across datasets. Since PPG-DaLiA was collected
exclusively from the non-dominant wrist, we use only non-dominant wrist data from PPG-Sport. We also match
the total training size by randomly selecting data from 15 participants in PPG-Sport, consistent with the number
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Table 6. Cross-dataset heart rate estimation performance (MAE + SD in bpm) using models trained on periodic activities
only.

(a) PPG-Sport training — PPG-DalLiA testing

Stationary Walking Stepping Driving Cycling Soccer Overall MAE
4.71 £2.52 635+4.60 6.82+522 1194+ 13.87 13.18+17.73 21.67 = 18.56 10.78

(b) PPG-DalLiA training — PPG-Sport testing
Stationary Walking Running Badminton Basketball Table Tennis | Overall MAE
522+ 466 7.11+6.57 8.73£8.68 26.13+25.09 27.63+19.71 24.26 + 21.58 16.51

of subjects in PPG-DaLiA. In addition, the IMU signals in PPG-DaLiA are upsampled to 64 Hz to match the
sampling rate of PPG-Sport, while all other preprocessing steps and model configurations remain identical.

Both datasets contain a mixture of periodic and non-periodic activities, although the specific activity types
differ. The periodic activities in PPG-Sport include stationary, walking, and running, while those in PPG-DaLiA
include stationary, walking, and stepping. For non-periodic activities, PPG-Sport focuses on high-intensity sports
such as badminton, table tennis, and basketball, whereas PPG-DaLiA includes comparatively milder activities
such as driving, cycling, and soccer.

6.5.1 Periodic-only Training. We first consider a restrictive training setting in which models are trained using only
periodic activities from one dataset and then evaluated on all activities from the other dataset. This setting reflects
a common practice where models are trained primarily on easily collectable, rhythmical daily-life activities and
deployed more broadly. As shown in Table 6, when trained on periodic activities only, models exhibit relatively
stable cross-dataset performance on periodic test activities, despite differences in data collection protocols and
environments between the two datasets. This suggests that periodic motion patterns provide a reasonably
transferable training signal for heart rate estimation, even across datasets.

When evaluated on non-periodic activities, performance degrades noticeably. For PPG-DaLiA, the degradation
is moderate for driving and cycling, which involve relatively low-intensity and smoother motion patterns.
These activities partially overlap with the motion characteristics observed in running, allowing models trained
on periodic data to generalize to a limited extent. However, performance on soccer deteriorates substantially,
indicating that increased motion irregularity and intensity significantly challenge models trained only on periodic
activities. A more pronounced performance drop is observed when evaluating on PPG-Sport. Models trained
solely on periodic activities from PPG-DaLiA perform poorly across all three sports activities in PPG-Sport.
Unlike daily-life activities, these sports involve high-impact, non-periodic, and upper-limb-dominated motion
patterns that are entirely absent from the periodic training data. As a result, the learned representations fail to
generalize to these motion regimes, leading to consistently high estimation errors.

Taken together, these observations indicate that while training on periodic activities is sufficient for handling
other periodic motions and can marginally generalize to low-intensity non-periodic activities, it is fundamentally
inadequate for high-intensity, non-periodic sports scenarios. This cross-dataset behavior mirrors the trends
observed within PPG-Sport itself and underscores the importance of incorporating realistic, high-impact non-
periodic activities when developing and benchmarking motion-robust heart rate estimation models.

6.5.2 Extended Activities Training. While the previous experiment focuses on training with periodic activities
only to examine cross-dataset generalization under limited motion diversity, we next consider a more permissive
training setting that includes all available activities. Specifically, we train models using all six activities from one
dataset and evaluate them on all activities from the other dataset under the same experimental setup as before.
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Table 7. Cross-dataset heart rate estimation performance (MAE, bpm) using models trained on all six activities.

(a) PPG-Sport training — PPG-DaLiA testing

Stationary Walking Stepping  Driving Cycling Soccer Overall
4.89 6.51 6.72 10.26 9.07 13.13 8.43

(b) PPG-DalLiA training — PPG-Sport testing

Stationary Walking Running Badminton Table Tennis Basketball | Overall
5.74 7.92 9.12 21.76 23.47 22.14 15.03

As shown in Table 7, when trained on all activities from PPG-Sport, the model achieves improved performance
on PPG-DaLiA compared to the periodic-only training setting. Notably, this improvement is observed not only
for periodic activities but also for non-periodic activities that are not explicitly present in PPG-Sport. This can
be attributed to the relatively low intensity of non-periodic activities in PPG-DaLiA, whose motion patterns
may overlap with lower-intensity segments embedded within high-impact sports, such as brief pauses between
strokes, ball retrieval, or off-ball movements during basketball play.

In contrast, training on all activities from PPG-DaLiA yields only marginal improvement over the periodic-only
setting when evaluated on PPG-Sport, particularly for high-intensity sports. This suggests that the non-periodic
activities in PPG-DaLiA, despite increasing activity diversity, do not adequately capture the motion characteristics
and artifact patterns induced by high-impact, upper-limb-dominated sports. As a result, the learned representations
fail to generalize to the more challenging motion regimes present in PPG-Sport.

Overall, these results further reinforce the unique value of PPG-Sport. The dataset captures high-intensity, non-
periodic motion patterns that are largely absent from existing datasets, and models trained on PPG-Sport exhibit
better downward compatibility to milder non-periodic activities in other datasets. In contrast, simply adding
low-intensity non-periodic activities during training does not sufficiently bridge the domain gap to high-impact
sports, highlighting the necessity of including realistic sports motions when developing and benchmarking
motion-robust heart rate estimation models.

7 DISCUSSION

7.1 Participant Diversity

All participants involved in our dataset collection were healthy young adults aged between 21 and 34. This
recruitment was intentionally restricted to minimize potential safety risks during sports activities and to ensure
stable and reliable data collection. However, it also limits the representativeness of the dataset for other populations,
including older adults, children, and individuals with cardiovascular conditions. Extending the dataset to cover a
broader age range remains an important direction for future work, as it would better capture inter-individual
variability in physiological responses and movement behaviors. In addition, only two participants in the current
dataset were left-handed. Although their IMU signals were mirrored to align with the dominant and non-
dominant hand categories, the potential influence of handedness on motion dynamics and PPG distortion is not
fully understood and warrants further investigation.

7.2 Sports Experience Level

Our dataset includes self-reported sports experience levels (novice, intermediate, and experienced), which may
influence motion intensity and, consequently, motion artifacts in wrist-based PPG signals. In principle, more
experienced participants may produce faster and more forceful movements, leading to stronger IMU signals and
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increased motion artifacts. However, in our evaluation, we did not observe a clear or consistent difference in
heart rate MAE across different experience levels.

This can be explained by two factors. First, we observed substantial variability in motion intensity and
acceleration patterns even among participants with similar experience levels, making it difficult to attribute signal
quality differences to experience alone. Second, the selected sports activities already involve large and rapid arm
movements, which introduce substantial motion artifacts regardless of experience level. As a result, even novice
participants may generate sufficient motion-induced noise, while additional experience does not necessarily
lead to systematically worse signal quality. Finally, our analysis is based on a relatively simple baseline model.
More advanced algorithms may better leverage subtle differences across experience levels, potentially improving
performance for novice participants.

7.3 Activity Granularity

Unlike walking or running, which involve relatively uniform and continuous motion patterns, the three sports
in PPG, Sport—badminton, table tennis, and basketball, naturally contain heterogeneous sub-actions such as
picking up the ball, defending, or brief idle pauses. In the current version of the dataset, these sub-actions are
not explicitly segmented and are treated as part of continuous gameplay. In practice, more than 80% of the
recorded time corresponds to primary sports activities characterized by sustained and repetitive arm movements,
which dominate the motion patterns of interest in this study. Based on our inspection of the collected data, brief
sub-actions typically involve lower-intensity but still active movements, rather than introducing qualitatively
different motion dynamics or signal artifacts. These actions therefore remain representative of realistic sports
conditions and do not substantially alter the overall motion characteristics captured in the dataset.

We emphasize that PPG-Sport is not intended for fine-grained human activity recognition or action segmenta-
tion, but rather for studying robust heart rate estimation under realistic and unconstrained sports scenarios. For
applications that require more detailed temporal structure, future extensions of the dataset could incorporate
finer-grained annotations, for example by segmenting activity phases using IMU dynamics, video-assisted labeling,
or self-supervised clustering of motion embeddings to identify distinct sub-actions within each sport.

7.4 Dataset Scale and Generalization

Although PPG-Sport provides synchronized recordings from both wrists totaling approximately 48 hours of data,
we acknowledge that larger-scale collections are generally beneficial for training highly parameterized deep
learning models. However, the primary goal of PPG-Sport is not to maximize data volume, but to characterize
and benchmark the impact of complex, sports-induced motion on wrist PPG signals, an aspect that is largely
underrepresented in existing datasets. Accordingly, the dataset emphasizes motion diversity and realism rather
than sheer participant count.

In this context, the current scale is sufficient to support controlled evaluation and comparison of motion-
robust modeling strategies under realistic sports conditions. Expanding the dataset with more participants would
further increase inter-subject variability and improve model robustness, while complementary approaches such
as motion-aware data augmentation (e.g., motion synthesis or cross-modal perturbation) could help mitigate
data scale limitations. In addition, self-supervised pretraining on large-scale PPG datasets (e.g., foundation
models [53]) offers a practical pathway to leverage PPG-Sport for deep model training despite its moderate size.
Future extensions may also include a broader range of sports to enhance generalization to unseen activities and
motion patterns.
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7.5 Beyond Heart Rate Estimation

In this work, we focused primarily on heart rate estimation. However, the PPG-Sport dataset can be extended to
support broader physiological monitoring once additional labels are incorporated. Beyond heart rate, heart rate
variability reflects autonomic balance and recovery, while respiration rate relates to endurance and ventilatory
efficiency. Other parameters, such as oxygen saturation and vascular compliance, though harder to validate during
motion, are critical for assessing oxygen delivery and vascular response in high-intensity training. Enriching
the dataset with such annotations would enable a more comprehensive understanding of cardiorespiratory and
hemodynamic dynamics in sports, supporting applications in load management, fatigue detection, and safety
monitoring. Furthermore, rather than targeting a single parameter, a promising direction is to reconstruct the
clean PPG waveform itself from motion-corrupted signals. This waveform-level restoration would allow a unified
model to recover physiologically meaningful signals, from which diverse metrics could be derived without
training separate models for each task.

8 CONCLUSION

This paper presented PPG-Sport, the first dataset dedicated to heart-rate monitoring from wrist PPG under
dynamic sports conditions. By capturing synchronized PPG, IMU, and ECG signals across six representative
activities, PPG-Sport fills the critical gap between existing low-motion datasets and real-world, high-intensity
scenarios. Through comprehensive analyses, we demonstrated how sports activities introduce non-periodic,
high-intensity, and asymmetric motion artifacts that significantly degrade PPG reliability. Our benchmark results
further reveal that current models trained on conventional datasets fail to generalize to these complex conditions,
and while incorporating sports data improves robustness, substantial errors remain. These findings underscore the
pressing need for new algorithmic designs that can disentangle physiological rhythms from motion interference.
We believe PPG-Sport will serve as a valuable foundation for advancing motion-robust sensing and stimulating
future research on reliable physiological monitoring in sports and beyond.
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