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Abstract—Today’s fitness bands and smartwatches typically
track heart rates (HR) using optical sensors. Large behavioral
studies such as the UK Biobank use activity trackers without
such optical sensors and thus lack HR data, which could
reveal valuable health trends for the wider population. In this
paper, we present the first dataset of wrist-worn accelerometer
recordings and electrocardiogram references in uncontrolled at-
home settings to investigate the recent promise of IMU-only HR
estimation via ballistocardiograms. Our recordings are from 42
patients during the night, totaling 310 hours. We also introduce
a frequency-based method to extract HR via curve tracing
from IMU recordings while rejecting motion artifacts. Using our
dataset, we analyze existing baselines and show that our method
achieves a mean absolute error of 0.88 bpm—76% better than
previous approaches. Our results validate the potential of IMU-
only HR estimation as a key indicator of cardiac activity in
existing longitudinal studies to discover novel health insights.
Our dataset, Nightbeat-DB, and our source code are available
on GitHub: https://github.com/eth-siplab/Nightbeat.

Index Terms—Accelerometers, Heart rate, Sleep

I. INTRODUCTION

RIST-worn accelerometers are commonly used in lon-

gitudinal studies to analyze patients’ activity patterns,
such as exercise routines, physical activity metrics, or sleep
and wake times. For example, the UK Biobank combines
wrist-based accelerometer recordings from 100,000 patients
during a week-long sub-study [[1]. This study alone has re-
vealed various activity and sleep patterns as risk factors for de-
pression [2]], cardiovascular disease [3], different types of can-
cer [4], and overall mortality [5]]. Besides the accelerometer, no
other sensing modality was included. Because the UK Biobank
and comparable studies [0], [[7] pair week-long accelerometer
recordings with decades of electronic health records, using the
accelerometer recordings to extract physiological features that
are otherwise not included in the study could advance early
disease detection and risk factor identification on a population
level. Heart rate dynamics have been shown to link to sleep
quality and the progression of rare diseases alike, hence,
showing great value for identifying novel risk factors on a
population level [[8]-[12].

Recent studies have shown promise for analyzing cardiac
activity from the data recorded by body-worn accelerometers,
specifically heart rate (HR [13]], [14]]). These approaches lever-
age the ballistocardiogram (BCG [15], [16]), which captures
the subtle mechanical vibrations caused by heartbeats.

Extracting robust HR estimates from BCG recordings in
real-world settings is a substantial challenge, particularly when
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sampled from the wrist. Even simple daytime activities such
as walking or eating exhibit larger motion magnitudes than
those in the BCG [13]], [15]], rendering such estimation near
impossible in practical settings. Moments of sleep mark a
notable exception—they lend themselves to sampling BCG
signals, as voluntary movements are minimal [13]-[15]]. Previ-
ous studies have extracted HR values from individual patients’
recordings in controlled sleep laboratories [13[]-[|15], where
sensor placement was verified by staff. Here, even individual
heartbeats can be detected from wrist-worn accelerometers
during sleep [13]], as long as motion-afflicted segments are
reliably removed (e.g., up to 80% of recordings [[14]). Despite
this promise, no existing methods reach practical accuracies
in their estimates for uncontrolled real-world environments—
and no datasets with continuous ground-truth references exist
to facilitate and evaluate developments of the former.

In this paper, we introduce Nightbeat-DB, a novel dataset
for BCG-based HR estimation tasks during sleep. Our dataset
replicates the settings of large longitudinal studies such as
the UK Biobank [1] to allow for the evaluation of techniques
in similarly uncontrolled environments. 42 patients received
a wrist-worn activity tracker (Axivity AX3, which embeds a
3-axis accelerometer) for wear on their dominant wrist for
one night at home while following their regular sleep routine
at home. Patients also received an ECG chest belt (movisens
EcgMove 4) to record reference signals for ground-truth values
of HR and inter-beat intervals (IBI). Patients also indicated if
they shared their beds or slept alone, which is important for
BCG analyses, as vibrations couple through bed mattresses
and can lead to interfering signals [17].

We complement the dataset with Nightbeat, an estima-
tion method for HR from 3-axis wrist-based accelerometer
recordings by removing motion artifacts, tracing HR curves
in the frequency domain, detecting individual heartbeats after
a filter and frequency detection stage, followed by simple
post-processing. We validate our method on Nightbeat-DB
and show its robustness to intermittent motion during the
night. Compared to 3 baseline methods, our method achieves
the lowest error (M AE = 0.88bpm), lowering the error of
previous approaches (M AE = 3.68) by 76%, while removing
the same amount of data (22%) [13|]. For female participants,
we find that sharing a bed leads to an average increase in MAE
of 32%. For male participants, the difference is only 2%.

In summary, this paper makes the following contributions:
1. a novel dataset of continuous wrist-based accelerometer sig-

nals and paired ECG reference signals during the night for

HR estimation tasks, designed to replicate the uncontrolled
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Fig. 1. Our dataset comprises continuous motion signals from a wrist-worn 3-axis accelerometer (Axivity AX3, 100 Hz) and corresponding ECG signals
(movisens EcgMove 4) from 42 patients and nights. From the ballistocardiogram (BCG) captured by the vibrations reaching the wrist-based sensor, our signal
processing method estimates the patient's heart rate using a combination of Iters and heuristics for pre-processing,a short-term frequency analysis to identify
HR curve, and a Iter stage to precisely select the peak of the BCG wave for inter-beat interval detection. We combine the HR curve with the detected
inter-beat intervals and a 5-minute median smooth to make a prediction for every 20-second window.

at-home setting of existing large-scale datasets that do 1Bt Signal Quality Estimation

mchde contmuou; HR recordings “m-the-yvﬂd“ .[1], [61, [7], Estimating the quality of a signal segment (e.g. detecting
-a signal processing method for HR estimation from agjniion artifacts) has been crucial in health monitoring across
celerpmeter 5|gn<'_s\ls t_hat rejects motion art|_facts, dete_cts ious sensing modalities [20]-[22]. Most of these methods
HR via curve tracing in the frequency domain, and estimatg§act several features, so-called signal quality indices (SQI),
heartbeats and inter-beat intervals, and ~_from the signals and employ rule-based decision algorithms to
-a comparison of existing approaches for HR estimatiqutect segments with artifacts [21]. Alternatively, agreement
from wrist-worn accelerometers using BCG sensations @il hrediction between different sensors or template matching
our dataset in the context of ur_lcontrolled at-home setU_nggve been used to identify segments of high signal quality [21],
where some patients share their beds. Our met_hod achmpgez:]. Although some learning-based algorithms have been
the lowest error compared_to 3 (recent) baseline metho&%posed [20], they require ground truth labels, which must
(MAE = 0:88,76% reduction compared to recent basepe gnnotated manually by an expert. In this work, we propose
lines) and an average correlation®81 across participants. 5 method for motion artifact detection based on the energy in
Taken together, we demonstrate the suitability of our meth@ge STFT that does not require ground truth annotations for
for application to existing and future datasets collected in fregaining. We further use disagreement between different esti-

living and at-home conditions with activity monitors that dgnation techniques to identify potentially corrupted segments.
not include alternative sensors for HR estimation (e.g., UK

Biobank). Our method achieves accuracy that is suitable fer Datasets for Accelerometer-Based HR Estimation During
medical analysis [13], making it valuable for future activitySleep
studies and monitoring cardiac aCtivity in natural Settings. Accelerometers have a decades-bng history in S|eep SCi-
Il RELATED WORK ence [23], yet only few datasets are s_uitable for HR t_astimation
from wrist-worn accelerometers during sleep. Besides sam-
pling at a suf cient rate, accelerometers must also be sensitive
Most modern wearables use optical sensors for HR estinemough to detect the subtle BCG waveforms. Currently avail-
tion. While highly successful in periods with little motion, HRable datasets that allow to detect BCG waveforms, however,
estimation based on Photoplethysmography (PPG) becorhase been recorded in sleep laboratories, where signal quality
dif cult in the presence of motion artifacts [15]. While a recents higher than in uncontrolled at-home settings.
method fuses PPG and accelerometer signals in a probabilistidultiple datasets are suitable for our task of HR estimation
deep learning framework to deal with motion artifacts [18from wrist-worn accelerometers [13], [15], [24]. Walch et
most works still employ simple rules on aggregates of tha. recorded a dataset with 32 participants for sleep staging
underlying signal or the short-time Fourier transform (STFTased on signals supplied by the Apple Watch, i.e. a 3-axis
to identify segments corrupted by motion artifacts [19]. Afteaccelerometer sampling at 50 Hz and HR values supplied by
reliably detecting corrupted segments, HR estimation on thee Apple Watch's PPG sensor every 5-15 seconds [24], [25].
remaining uncorrupted signals proves a much simpler taBkr the task of sleep staging, the dataset was recorded in a
where well-designed signal processing methods often outpsleep laboratory. Also inside a sleep laboratory, Zschocke et
form (convolutional) neural networks [19]. al. recorded a dataset using the SOMNO-Watch comprising
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