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Measuring multi-site pulse transit time with
an AI-enabled mmWave radar

Jiangyifei Zhu 1,4, Kuang Yuan 1,4, Akarsh Prabhakara2, Yunzhi Li1,
Gongwei Wang1, Kelly Michaelsen 3, Justin Chan 1 & Swarun Kumar 1

Pulse Transit Time (PTT) is a measure of arterial stiffness and a physiological
marker associatedwith cardiovascular function,with an inverse relationship to
diastolic blood pressure (DBP). We present an AI-enabledmmWave system for
contactless multi-site PTT measurement using a single radar. By leveraging
radar beamforming and deep learning algorithms our system simultaneously
measures PTT and estimates diastolic blood pressure at multiple sites. The
system was evaluated across three physiological pathways – heart-to-radial
artery, heart-to-carotid artery, and mastoid area-to-radial artery – achieving
correlation coefficients of 0.75–0.86 compared to contact-based reference
sensors for measuring PTT. Furthermore, the system demonstrated correla-
tion coefficients of 0.90–0.91 for estimatingDBP, and achieved amean error of
-0.62–0.06 mmHg and standard deviation of 4.54–5.20 mmHg, meeting the
FDA’s AAMI guidelines for non-invasive bloodpressuremonitors. These results
suggest that our proposed system has the potential to provide a non-invasive
measure of cardiovascular health across multiple regions of the body.

Frequent monitoring of cardiovascular health can facilitate timely
interventions including lifestyle changes such as exercise and diet, as
well as pharmacologic changes like antihypertensive drugs1. Increased
arterial stiffness is associated with a higher risk of cardiovascular
conditions including hypertension2, stroke3, coronary artery disease3,
sleep apnea4,5, and Alzheimer’s disease6, and can be quantified using
pulse transit time (PTT), the time it takes for a pulse wave to travel
between a proximal and distal site within an artery7. In addition, pulse
transit time is indirectly related to diastolic blood pressure (DBP) and
has been explored as the basis for cuff-less blood pressure
monitoring8–12. The ability to measure PTT contactlessly at multiple
sites along the body has the potential to support pre-screening of
cardiovascular diseases and long-term tracking of disease progression,
particularly for high-risk populations such as older adults and indivi-
duals with chronic conditions13. This is because PTT varies across dif-
ferent body sites with distal arterial stiffness relating to peripheral
disease burden and proximal stiffness relating to central arterial
health14,15, with site-specific differences influenced by underlying

physiologic stress mechanisms16. This suggests that multi-site PTT
measurements can capture relative stiffness betweenpathways suchas
a mismatch between central and peripheral stiffness17,18, and may
provide a more comprehensive assessment of cardiovascular hemo-
dynamics than a single measurement19–22.

Arterial stiffness can be measured using contact-based methods,
including pulse tonometry for arterial pressure assessment23, photo-
plethysmography (PPG) for detecting light absorption changes24,
inertial measurement units (IMU) for capturing pulse motion25, and
electrodes or wearable sensors9,26–32, which may cause skin irritation
and discomfort. Contactless measurement systems have leveraged
cameras33–37 to measure PPG, and laser-doppler vibrometry38 to mea-
sure the surface displacement at multiple arterial sites. However, such
optical-based systemsmay not work well in low-lighting conditions or
when objects like clothing block the device’s view. More recently,
radar-based approaches have been proposed, leveraging millimeter-
wave (mmWave)39–43, or microwave44, to measure the seismocardio-
gram (SCG) at the chest and ballistocardiogram (BCG) at the head.
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However, existing radar-based systems either require multiple sensor
units to measuremultiple arterial points39,40, which can be challenging
to deploy and precisely position, or are limited to measuring a single
PTT pair42,45,46.

Here, we present PolyPulse, a proof-of-concept AI-enabled
mmWave radar system that enables simultaneous, contactless mea-
surements of pulse transit time and DBP estimation along three key
physiological pathways along the upper body using a single radar.
Measuring all sites concurrently enables a synchronized, beats-
matched comparison of the same cardiac cycle across multiple phy-
siological pathways, which is important given that PTT exhibits
meaningful beat to beat variability47,48. In contrast, prior approaches
that use one radar per arterial site39,40 would require sequentially
repositioning the radar, yielding measurements from different beats
and time windows during which heart rate and waveformmorphology
can change due to physiologic and environmental factors49,50. This can
result in measurements that conflate the effects of cardiac cycle
variability with true arterial stiffness effects along different pathways.
Finally, using a single radar streamlines the workflow by eliminating
repeated repositioning and supports convenient upright
measurements.

Our system transmits chirp signals toward a seated individual
and performs fine-grained beamforming on the reflected signal to
capture the subtle bodilymovements caused by cardiac activity. The
design leverages a neural network model to process the reflection
waveforms from the apex of the heart, the mastoid area at the head,
the radial artery at the wrist, and the carotid artery at the neck. Using
these signals, the model jointly estimates pulse transit times and
diastolic blood pressure for physiological pathways that originate
from the heart and head and extend to distal points at the wrist or
neck. Our wireless radar system is compact and measures
16.5 × 14 cm, which can fit within the form factor of smart home
devices. Given the increasing prevalence of mmWave radars on
consumer devices, our proposed multi-site PTT system can make
remote monitoring of cardiovascular health at home more com-
prehensive and accessible.

Results
Concept and prototype
As the heart beats, it generates pulse waves that propagate through
arterial pathways in the body. This pulsatile flow causes rhythmic
expansion and contraction of the arterial walls, which in turn results in
minute superficial displacements of the skin (Fig. 1a)51. PolyPulse
transmits FMCW signals from 77 to 81 GHz towards a seated individual
and analyzes both the phase and magnitude of the reflected signals at
key physiological sites where a cardiac signal can be measured. The
phase variations of the reflections correspond to superficial displace-
ment of the skin at distal sites (Fig. 1b, c), while the magnitude varia-
tions correspond to changes in signal absorption due to blood flow
that occur throughout each cardiac cycle. Our system measures car-
diac signals by capturing reflections from two proximal reference
points and two distal arterial points. For the proximal reference point,
our radar captures reflections fromthe apexof the heart at the chest to
obtain the SCG signal, and the mastoid area at the head to obtain the
BCG signal, respectively. For the distal reference points, we measure
reflections from the right radial artery at thewrist and the right carotid
artery at the neck. To measure PTT we use the aortic valve opening
(AO) in the SCG waveform and the J-peak in the BCG waveform as the
starting time referencepoints, while the foot of the pulsewaveforms at
the distal sites serves as the ending reference (Fig. 1d). By taking the
time difference between pairs of these starting and ending reference
points, our radar system is able to measure PTT across three different
pairs: heart-to-wrist (PTTSCG→wrist), heart-to-neck (PTTSCG→neck) and
head-to-wrist (PTTBCG→wrist). After measuring perturbations in PTT
when the subject is at rest and following physical exercise, our system

is able to derive an estimate of DBP along these pathways using a
subject-specific calibration model52.

Simultaneously measuring and isolating cardiac signals from
multiple upper-body sites using a single radar system can be challen-
ging for two key reasons. First, the physiological sites targeted by our
system are small—the radial artery is 3mm wide42,53. To achieve the
necessary spatial precision, we leverage a high-resolution mmWave
radar system (Texas Instruments AWR2243 Cascaded Radar RF Eva-
luation Module54), with 12 transmitters and 16 receivers, creating an
effective array of 86 virtual antennas (Figure 1c). This configuration
enables beamforming with an angular resolution of 1.4∘. In contrast,
prior systems42,45,46 leverage smaller antenna arrays with 4–12 virtual
antennas, limiting their angular resolution. Our signal processing
pipeline then spatially decomposes the received signal into range-
angle bins using range FFT and beamforming (Fig. 2a), applies a coarse
spatial filter based on the known position of the participant and key
physiological sites to classify signals as coming from the wrist, head,
neck or heart. Finally, we design an adaptive bin ranking algorithm
leveraging the autocorrelation properties, signal strength and peri-
odicity, to prioritize signal bins containing the strongest cardiac pulse
features.

Second, the received radar signal is a combination of reflections
from multiple body regions, and environmental interference. As the
pulse-induced displacements at distal arteries, such as the radial
artery, are minute, approximately ≈30μm42,53, they can be over-
shadowed by noise sources within the radar’s beam diameter such as
minormuscle tremors at thewrist andneck and, respiratorymotions at
the heart which produce larger displacements of 1–4mm55.

To enable pulse transit time estimation in the presence of
unwanted reflections, we design a DNNmodel to identify the periodic
cardiac patterns in the radar signal and detect the timing of the key
cardiac waveform features corresponding to the starting and ending
timing reference for pulse transit time. TheDNNmodel takes the phase
and magnitude waveforms from the highest-ranked bins at the four
key physiological sites as inputs, outputs a probability distribution of
these signal features, and estimates PTT (Fig. 2c). Specifically, our DNN
architecture consists of three key components: a spatial pooling block,
a convolutional encoder-decoder architecture, and a cross-region
fusion module.

Instead of relying only on the highest-ranked bins, we input a
contiguous spatial region of bins centered around the four physiolo-
gical sites to the DNN model. This design is motivated by the obser-
vation that the neighboring range and angle bins also contain valuable
information as the pulse propagates across adjacent tissue regions. As
thefirst DNNmodule topreprocess the radar signal, wedesign a spatial
pooling block based on 1D Convolutional Neural Network (CNN) and
Top-K spatial pooling filter to reduce the spatial dimensionality of the
input waveforms.

To extract features from each region’s waveforms we use a con-
volutional encoder-decoder architecture with U-Net skip
connections56 and a bi-directional long short-termmemory (LSTM)57 in
between them for temporal modeling. This architecture captures both
local waveform characteristics and longer temporal dependencies
essential for accurate detection of cardiac waveform features.

Our network uses a cross-region fusion module based on atten-
tion layers that leverages the observation that cardiac signals at dif-
ferent body sites are likely to share common waveform characteristics
as they originate from the same cardiac cycle. By fusing information
across different measurement sites, our system is able to jointly esti-
mate PTT across multiple sites, and is more resilient to noise or signal
degradation at a single site.

Clinical testing
We conducted a human subjects study on 47 participants in an office
environment on the Carnegie Mellon University campus (Table 1). Of
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these participants, 6 participants had a high body mass index (BMI),
defined as BMI >30 kg/m2, 2 had atrial fibrillation, 2 had diabetes, 1 had
bypass surgery and 6 had hypertension. Participants were recruited by
word of mouth and an online platform for clinical study recruitment
(Pitt+Me) with a mean age of 35 ± 16 years, height of 173.5 ± 8.6 cm,
weight of 72.5 ± 15.8 kg, and female-to-male ratio of 0.47. All partici-
pants provided written informed consent prior to enrollment.

Participants sat upright in a chair positioned next to a table. The
radar device was placed underneath the table, positioned ~10 cm
below the wrist, and angled 10∘ towards the chest. This positioning
resulted in the radar being ~50 cm from the chest and 65 cm from the
neck and 70 cm from the head. Participants were instructed to rest
their right arm on the table above the radar. To obtain a ground truth
reference for PTT, contact-based IMU sensors were secured using
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straps at the apex of the heart, and the mastoid area behind the ear,
and attached usingmedical tape at the base of the carotid artery above
the left clavicle; a PPG sensor was affixed to the radial artery on the
wrist using medical tape (Supplementary Fig. 1). The ground truth

reference for blood pressure was obtained using a commercial blood
pressure cuff (Omron BP790058). Testing was conducted with partici-
pants wearing their regular clothing, which ranged from lightweight
T-shirts to thicker sweaters.

Fig. 1 | Overview of the mmWave radar system for multi-site pulse transit time
(PTT) measurement. a Rhythmic contractions of the heart generate pulse waves
that propagate across the arterial system. b The mmWave radar detects minute
surface displacements bymeasuring phase variations in reflected signals over time.
c ThemmWave radar’s beamforming algorithm targets four key physiological sites
to measure PTT: the apex of the heart (green) and the mastoid area (yellow) as
proximal reference points, and the radial artery (blue) and carotid artery (red) as
distal arterial sites. The waveforms represent the phase signals from these sites,
captured by the mmWave radar positioned at a fixed distance beneath the subject.

d Our system estimates pulse transit time across three pairs:
PTTSCG→wrist, PTTSCG→neck, PTTBCG→wrist. This is achieved by first identifying key car-
diac waveform features: the aortic opening in the SCG signal, the J peak in the BCG
signal, and the foot of the carotid and radial arterial pulse waveform. PTT is then
computed as the time difference between these signal features at the proximal
reference points and those at distal arterial sites. Heart and arterial circulation
illustrations in (a) was adapted from Servier Medical Art (https://smart.servier.
com), licensed under a Creative Commons Attribution 4.0 International License
(https://creativecommons.org/licenses/by/4.0/).
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Fig. 2 | Signal processing and deep neural network pipeline to estimate PTT
frommmWave radar reflections along multiple physiological pathways. a The
system spatially decomposes the radar input channels into radar range and angular
bins using FFT and beamforming. For each bin, phase and magnitude information
are extracted. An adaptive bin ranking algorithm is applied to identify the bins with
the strongest cardiac signal features, followed by a DNNmodel for PTT estimation.
b Beamformed radar signal power is visualized across azimuth, range, and time
axes, regions associated with higher signal power are brighter. Key physiological
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boxes that correspond to pre-defined search areas for a cardiac signal. The radar
phase and magnitude from the key physiological sites show periodic signals cor-
responding to the cardiac cycle, while signals from non-physiological regions lack

recognizable cardiac patterns. c Processing pipeline of the adaptive bin ranking
algorithm. We leverage the pre-defined geometric constraints of the physiological
sites, periodicity of the signal, and multi-step filtering to prioritize signal bins
containing cardiac pulse features.dDNNarchitecture formulti-site PTTestimation.
Our DNN architecture for PTT estimation employs a multi-branch design that
jointly processes waveforms from four physiological sites (heart, neck, wrist, head)
using three key components: Spatial Pooling Blocks for dimensionality reduction,
Convolutional Encoder-Decoders with bi-directional LSTM for modeling the tem-
poral relationship between cardiac waveform features, and Cross-region Fusion
Modules that fuses correlated cardiac waveform features across different physio-
logical sites.
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The study consisted of two phases: a development phase, during
which data was collected to create the signal processing and neural
network algorithms, and an evaluation phase, in which the system was
prospectively testedon anewcohort of participants. Eachparticipant’s
data collection session was divided into multiple measurements, with
each measurement involving simultaneous recording of PTT using
both the mmWave radar system and the contact-based reference
sensors for three minutes. Between measurements, the contact-based
sensor was removed and then reattached to the body. To induce large
variations in PTT and BP, we had participants engage in an exercise
protocol (Supplementary Fig. 2) that involved cardiopulmonary exer-
cise by cycling on a stationary bike as dynamic exercises that require
substantialmetabolic demand are a commonly employed intervention
that is known to trigger significant changes in PTT and BP8.

During the training phase, we recruited healthy subjects (n = 22)
with a mean age of 25.6 ± 6.2 years, height of 175.4 ± 8.2 cm, weight of
73.0 ± 16.5 kg, and female-to-male ratio of 0.29 (Table ??). A subset of
participants (n = 10) completed a preliminary exercise protocol
involving three measurements at rest, followed by five minutes of
stationary cycling at 100% intensity, and three additional post-exercise
measurements (Supplementary Fig. 2). The remaining participants
(n = 14), including two subjects who participated in the preliminary
protocol, underwent a full experimental protocol involving a wider

range of exercise intensities (Supplementary Fig. 2). The full protocol
began with two initial measurements at rest, followed by stationary
cycling at sequentially adjusted exercise intensities, 50%, 75%, 100%,
75%, and 50%. Two measurements were taken between each exercise
intensity level, with two final measurements at the conclusion of the
protocol, resulting in 14 measurements in total for the full experi-
mental protocol. Throughout all measurements, participants
remained static while breathing normally.

In the evaluation phase of the study, participants (n = 25) were
recruited both through Pitt+Me and by word of mouth at Carnegie
Mellon University. These subjects completed the full experimental
protocol, with blood pressure recorded at the beginning of each
measurement using the commercial blood pressure cuff. The mean
age of the subjects was 43 ± 21 years, with a mean height of 173.0 ± 9.1
cm, weight of 75.0 ± 15.5 kg, and a female-to-male ratio of 0.67 (Sup-
plementary Table 2). In total, 279 sessions were used to evaluate PTT
performance. After excluding sessions used for calibration, 195 ses-
sions remained for DBP estimation. The PTT values computed by the
mmWave radar system were compared against the contact-based
reference sensors for the heart-to-wrist, heart-to-neck, and head-to-
wrist physiological pathways. For each measurement, we use the
median PTT value derived from both the mmWave radar system and
reference sensors for evaluation. We note that we do not analyze the
head-to-neck (PTTBCG→neck) pathway as the distance between the phy-
siological points is substantially shorter than the other pathways. The
correlation coefficient for PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist
was R = 0.86, R = 0.76, and R = 0.75 respectively (Fig. 3a, c, e). The
median absolute error for PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist
was 6.7, 4.9, and 5.8 ms, respectively. Regarding the scale of PTT total
variations (the differences between the maximum and minimum PTT
measured by contact-based reference sensors), the relative median
PTT errors for PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist were 12.3%,
10.5%, and 8.5%, respectively. Related works59 leveraging ultra-
wideband radar to compute PTT report mean errors of 56–58 ms,
while related works60 computing PAT (pulse arrival time), which is the
sum of PTT and the pre-ejection period8,10, report a median error of
33 ms.

Next, we evaluate our algorithm’s ability to detect the key cardiac
waveform features used to compute PTT: the aortic opening (AO) in
the SCG signal, the J-peak in the BCG signal, and the waveform feet
from the radial artery (wrist) and mastoid area (head). The median
detection error was 10 ms for the aortic opening in the SCG signal, 14
ms for the J-peak in the BCG signal, and 12 ms and 14 ms for the
waveform foot at the radial artery and the carotid artery, respectively.
The higher detection error observed at the mastoid area correlates
with the reduced performance of the PTTBCG→wrist measurements
compared to PTTSCG→wrist, as shown in Fig. 3. This performance dif-
ference can be attributed to the anatomical characteristics of the
mastoid region, which has a larger surface area than other measure-
ment sites, and is more susceptible to motion artifacts during seated
measurements due to the head’s distance from the body’s center
of mass.

To evaluate the repeatability of our system, we analyzed con-
secutive PTT measurements taken at rest prior to exercise interven-
tion. For each subject, we compared the PTT values between two
baselinemeasurements. Themean absolute difference (MAD) between
successive measurements was 3.9 ± 1.7ms for PTTSCG→wrist, 3.1 ± 2.3ms
for PTTSCG→neck, and 3.7 ± 2.1ms for PTTBCG→wrist across all participants.
In comparison, the MAD between the measurements obtained from
contact-based reference sensors were 3.3 ± 2.1ms, 3.2 ± 3.0ms, and
4.3 ± 4.1ms, respectively. Prior work reports the mean and standard
deviation of PTT fluctuations for subjects at rest is 14 ± 5ms61.

We also evaluated the performance of the mmWave radar system
against a commercial blood pressure cuff at estimating diastolic blood
pressure (DBP). Tomodel the relationship between an individual’s PTT

Table 1 | Demographic summary of participants in
clinical study

Age (years) 25.6 ± 6.2

Height (cm) 175.4 ± 8.2

Weight (kg) 73.0 ± 16.5

BMI (kg/m2) 23.6 ± 4.1

Sex

Development
phase (n = 22)

Male, n (%) 17 (76)

Female, n (%) 5 (24)

Race

Asian, n (%) 22 (100)

White, n (%) 0 (0)

Black, n (%) 0 (0)

Age (years) 43.5 ± 20.3

Height (cm) 172.9 ± 9.0

Weight (kg) 75.0 ± 15.5

BMI (kg/m2) 24.9 ± 4.9

SBP at rest (mmHg) 122 ± 21

DBP at rest (mmHg) 80 ± 12

Evaluation phase (n = 25) Heart rate at rest (bpm) 72 ± 8

Sex

Male, n (%) 15 (60)

Female, n (%) 10 (40)

Race

Asian, n (%) 11 (44)

White, n (%) 13 (52)

Black, n (%) 1 (4)

Cardiovascular condition

Hypertension, n (%) 6 (24)

AF, n (%) 2 (8)

BPS, n (%) 1 (4)

None, n (%) 16 (64)

BMI body mass index, SBP systolic blood pressure, DBP diastolic blood pressure, AF atrial
fibrillation, BPS bypass surgery.
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measurements with DBP, we employed a subject-specific regression
model52 for calibration. For each participant, we used three recordings
for calibration: one randomly selected resting-state measurement and
two randomly selected post-exercise measurements. This randomiza-
tion approach reduces selection bias and ensures the calibration cap-
tures a diverse range of physiological states. The correlation
coefficient for DBP estimated from PTTSCG→wrist, PTTSCG→neck, and
PTTBCG→wrist was R = 0.91, R = 0.90, and R = 0.90, respectively
(Fig. 4a, c, e). Bland–Altman analysis62 was performed for DBP esti-
mated from PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist and demon-
strated a bias error of −0.62, 0.06, and −0.6 mmHg, respectively, with
7, 9, and 9 of 195 measurements falling outside the 95% agreement
limits, respectively (Fig. 4b, d, f). The mean absolute error for DBP
estimated by our radar system from PTTSCG→wrist, PTTSCG→neck, and
PTTBCG→wrist was 3.50, 3.87, and 3.95 mmHg, respectively, while for the

contact-based reference sensors the MAE was 3.33, 4.01, and 3.68
mmHg, respectively. Across these three PTT pairs, the MAE of our
system is within −0.14–0.27 mmHg compared with the estimates
derived from the contact-based reference sensors.

The DBP measurements derived from our radar system demon-
strated performance that meets clinical guidelines for blood pressure
monitoring devices. Our system achieved a mean error of −0.62, 0.06
and −0.60 mmHg and standard deviation of errors of 4.54, 4.98 and
5.20 mmHg based on estimates from PTTSCG→wrist, PTTSCG→neck,
PTTBCG→wrist, respectively. This is within the acceptable range of the
FDA’s Association for the Advancement of Medical Instrumentation
guidelines for non-invasive sphygmomanometers63, which allowmean
errors up to 5 mmHg and standard deviation up to 8 mmHg. Fur-
thermore, when assessed using the British Hypertension Society (BHS)
criteria64, our system’s performancemet the requirements for Grade A

a b

c d

e f

Fig. 3 | Comparison of PTT estimates from the mmWave radar system against
contact-based reference sensors. a, c, e Correlation plots of PTT estimates and
b, d, f Cumulative Distribution Function (CDF) plots of PTT errors for PTTSCG→wrist,

PTTSCG→neck, and PTTBCG→wrist. Data is shown for 25 participants (visualized in dif-
ferent colors) across 279 sessions in total.
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classification for all three PTT pairs (Supplementary Fig. 4). Specifi-
cally, 77.3%, 73.8%, and 69.6% of measurements had an error of
≤5mmHg for the PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist PTT pairs
respectively; 98.0%, 95.8%, and 94.8% were within ≤10mmHg; 98.5%,
98.4%, and 98.5% were within ≤15mmHg. This performance achieves a
Grade A classification requires that at least 60% of measurements be
≤5mmHg, 85% be ≤10mmHg, and 95% be ≤15mmHg.

Subgroup analysis
Weperformed a subgroup analysis to evaluate the performance of our
radar-based PTT measurement system across different demographic
groups (Fig. 5).

For BMI subgroups, subjects with BMI≥28kg/m2 showed median
PTT errors of 7.4, 5.4, and 7.8 ms for the PTTSCG→wrist, PTTSCG→neck, and
PTTBCG→wrist, respectively. In comparison, subjects with 25–27.9 kg/m2

demonstratedmedian errors of 5.5, 4.5, and 5.0ms, respectively, while
subjects with BMI ≤25 kg/m2 showed median errors of 6.7, 4.6, and
5.5ms, respectively, for the same PTT pairs.

For subjects with a height from 160 to 169 cm, the median error
across the three cardiac pathways ranged from 3.6 to 5.0 ms. For the
height group from 170 to 175 cm, the median error ranged from 4.3 to
5.4ms, while for the group taller than 176 cm, themedian error ranged
from 4.8 to 6.9 ms across all pathways.

Comparison of PTT error by age subgroups show that subjects
aged 18–25 years had median PTT errors of 6.3, 4.6, and 5.6 ms across
the three PTT pairs. Subjects aged 26–60 years showedmedian errors
of 6.6, 4.9, and6.3ms,while subjects greater than60 years hadmedian
errors of 7.4, 5.4, and 5.8 ms, respectively.

When comparing PTT measurement performance by sex, female
subjects demonstrated median errors of 5.7, 4.9, and 5.8 ms for the

a b

c d

e f

Fig. 4 | Comparison of diastolic blood pressure estimates from the mmWave
radar system against a commercial blood pressure cuff. a, c, e Correlation plots
and b, d, f Bland-Altman plots of DBP for PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist.

Data is shown for 25 participants (visualized in different colors) across 195 sessions
in total. In the Bland–Altman plot, the solid line represents the mean error and the
dotted lines represent the 95% limits of agreement.
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PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist PTT pairs, respectively. Male
subjects showedmedian errors of 7.4, 4.9, and 5.7ms, respectively, for
the same PTT pairs.

Analysis by race indicated that Asian subjects had median PTT
errors of 6.7, 4.6, and 5.3 ms across the three PTT pairs, respectively.
The singleBlack subject in our cohort showedmedianerrors of 4.4, 1.6,
and 2.6 ms, respectively, while White subjects demonstrated median
errors of 6.9, 5.8, and 7.1 ms, respectively.

Finally, we examined differences between subjects with cardio-
vascular disease (n = 9) and healthy subjects. Those with cardiovas-
cular disease had median PTT errors of 7.4, 6.3, and 7.7 ms for the
PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist, respectively, while healthy
subjects showed median errors of 6.6, 4.5, and 5.5 ms, respectively.

Ablation study of cross-region fusion module
To illustrate how simultaneous multi-site measurement enables our
system to leverage correlated heartbeat variability across body sites to
isolate noise, we conducted an ablation study comparing our full
model, which includes the cross-region fusion module, against a var-
iant in which the fusionmodule is removed and each physiological site
is processed independently (n = 9 participants, 118 sessions). Without
cross-region fusion, themodel cannot exploit the shared cardiac cycle
structure across sites to distinguish true pulse features from site-
specific noise. With fusion enabled, the median absolute error for
PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist was 5.2, 4.0, and 4.6 ms,
respectively, compared to 10.3, 5.2, and 8.0 ms without fusion. The
improvement was most prominent for pathways involving the wrist—
median error decreased by 50% for PTTSCG→wrist and 43% for
PTTBCG→wrist—where the radial artery’s small diameter of approximately
3 mm and susceptibility to muscle tremor artifacts can make it more
challenging to detect pulse features from a single site in isolation. In
contrast, PTTSCG→neck showed a more modest improvement of 23%,
consistent with the carotid artery producing a stronger and more
easily detectable pulse signal.

We performed benchmark experiments on a single participant to
evaluate the performance of our radar system across a range of
experimental conditions and environmental scenarios (Fig. 6). We
systematically evaluated design and environmental factors that could
affect system accuracy, including the radar’s distance to the

participant, radar tilt angle, number of clothing layers, fidgeting
movements by the participant, and different indoor environments. For
each experimental setting, we collected measurements over
2–3 minutes and calculated the per-pulse median absolute PTT errors.

We varied the radar height from 5 to 60 cmbelow radial artery, as
shown in Fig. 6a, to examine its effect on systemperformance. Thiswas
achieved by adjusting the height of the tripod on which the radar was
mounted, directly changing the distance between the radar and the
radial artery. Our evaluation shows that for the PTT pairs where the
wrist is the distal site (PTTSCG→wrist, PTTBCG→wrist), the PTT error
increased from 5.11 to 8.09ms, and from 4.87 to 8.67ms, respectively.
In contrast, for PTTSCG→neck the error exhibited a smaller increase from
3.57 to 5.28ms.

We evaluate the effect of distance between the radar and the
participant on system performance in the setup shown in Supple-
mentary Fig. 3d. In this position, when the participant is away from the
desk, the neck is the distal arterial point which is visible to the radar,
and so we focus our evaluation on the PTTSCG→neck pathway. As shown
in Fig. 6b, the PTT errors were in the range of 3–5ms, across the tested
range of 0.50–2.25m. This aligns with the operational distance of
current commercial mmWave sensing devices65.

We evaluated the effect of movements by the participant on sys-
tem performance. As shown in Fig. 6c, across all PTT pairs, measure-
ment errors were the lowest at 3.72–5.02ms when the participant
remained still. During common everyday movements such as talking
or using a computer mouse, the PTT errors remained within a com-
parable range to that of the static condition. In the presence of fid-
geting movements like arm shaking and head nodding, PTT errors
increased to 3.82–7.64ms. The largest PTT error of 9.52ms was
observed in thePTTBCG→wristpair during leg shaking. This is likely due to
motion artifacts propagating through the body, and affectingmultiple
cardiac measurement points. In contrast, the PTTSCG→neck pair showed
the smallest error of 3–5ms under motion, and was the least affected
by fidgeting movements. We do note that related work measuring
cardiac signals using active sonar66, vision-based vibrocardiography67,
and inertial measurement units68 also require users to remain static to
obtain optimal results, as motion artifacts can mask subtle cardiac
signals. Extending the system to work in the presence of natural user
motions such as fidgeting would require designing motion tracking
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Fig. 5 | Subgroup analysis of PTT error across study participants. PTT Mean
Absolute Error (MAE) for PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist across different
a BMI ranges, b height ranges, c age rangesd female andmale participants, e races,

and fparticipantswith andwithout cardiovascular conditions. Each box in the plots
shows the median error (center line), 25th and 75th percentile errors (box edges),
and 10th and 90th percentile errors (whiskers).
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and compensation algorithms capable of isolating cardiac signals from
natural body movements.

We assessed the impact of varying the radar’s tilt angle while
keeping its height constant at 10 cm below the radial artery. Here, 0∘

corresponds to the radar facing upward towards the ceiling, and
positive angles indicate a tilt toward the participant. The tilt angle was
varied from0∘ to 60∘ in increments of 10∘. Figure 6d shows that all three
PTT pairs exhibit similar trends, with measurement errors becoming
larger as the tilt angle increases. Errors remained below 5ms for all PTT
pairs at angles up to 30∘ and increased to 6.07–7.82ms at 60∘ across all
pairs. This is likely due to stronger signal reflections from thewrist and
neck at smaller tilt angles.

Weevaluated the effect of different natural sitting postures. These
scenarios involve the participant tilting their head, stretching a leg, or
rotating their torso to simulate commonmovements during sedentary
activities. As shown in Fig. 6e, measurement errors across all PTT pairs
ranged from 2.44 to 6.05ms under these postural variations. Com-
pared to the initial static posture, theseposture-induced variations had
modest to minimal impact on system performance.

We assessed the system performance in different indoor envir-
onments. Fig. 6f shows that the system consistently maintained PTT
errors below 5ms across multiple indoor locations, relative to Room
A, where the main study was performed. This indicates that the
system’s performance remains stable across different indoor
environments.

We investigated the impact of the number of clothing layers on
system performance by having subjects wear one, two, or three layers

of indoor clothing, as illustrated in Fig. 6g. Starting from the second
clothing layer onwards, both the wrist and neck positions were fully
covered by clothing. The resulting PTT errors stayed below 5ms for all
three layers, suggesting consistent performance despite additional
clothing layers. This is consistent with prior work41 that shows
mmWave signals can penetrate fabric andmeasure cardiac signals. We
note that related systems that leverage optical or laser sensing
technologies33,38 to measure cardiac signals, can only operate effec-
tively on exposed skin, while acoustic sensing technologies66 to mea-
sure heart rhythms are limited to penetrating only a single layer of
clothing.

We evaluated system performance over a 12-month monitoring
period. As shown in Fig. 7a, PTT measurement errors across the three
arterial pathways, PTTSCG→wrist, PTTSCG→neck, and PTTBCG→wrist changed
from 7.94 ± 6.87ms to 7.66 ± 6.34ms, 4.18 ± 3.33ms to 7.67 ± 6.08ms,
and 8.27 ± 8.51ms to 7.05 ± 8.36ms for each pathway, respectively.
Fig. 7b illustrates DBP estimation performance over the same period.
The MAE remained below 5 mmHg after 12 months without and with
recalibration, achieving Grade A classification per the BHS standard64.
Recalibrating themodel atMonth 12 yielded improvedDBP estimation
performance errors across the arterial pathways, PTTSCG→wrist,
PTTSCG→neck, and PTTBCG→wrist, from 2.9 ± 2.0mmHg to 2.5 ± 2.5mmHg,
3.4 ± 2.4mmHg to 2.8 ± 2.5mmHg, and 4.8 ± 3.7mmHg to
3.0 ± 3.0mmHg, respectively. Future studies are required to evaluate
changes in system performance at more granular time intervals and
across longer time scales.
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Fig. 6 | Benchmark testing across different scenarios. The system was evaluated
under different a radar heights,b radar distances, cparticipantmovements,d radar
tilt angles, e participant postures, f testing environments, and g clothing layers. For
the line plots in (a, b, d) markers, mean PTTmean absolute error (MAE); error bars,
±1 standard deviation (SD) of the pulse-level absolute errors. A total of 4 recording

sessions, each 3 min in duration, were collected across the benchmark study. Each
box includes 34–716 pulse-level data points, depending on the condition. For the
box plots in (c, e, f, g) center line, median; box bounds, upper and lower quartiles
(Q1 and Q3); whiskers, minimum and maximum values. Each box summarizes the
distribution of pulse-level PTT MAE values for the corresponding condition.
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Discussion
This work presents a system to measure multi-point pulse transit time
and diastolic blood pressure using a single radar. Prior work69–72 on BP
estimation using PTT has largely focused on measuring a single PTT
pair from the heart to distal sites including the finger, ear, or forehead.
However, BP estimates obtained through each of these pairs may not
be equivalent due to differences in hemodynamic controls, which
affect vessel characteristics and blood distribution at different sites73.
Simultaneous multi-site PTT measurement can enable a more com-
prehensive assessment of pathway-specific dynamics, by capturing
differences between central and peripheral stiffness, which have been
proposed as markers of arterial health and associated with mortality
risk17,18,20–22. Our contactless approach streamlines these measure-
ments with a single radar without repositioning the device, while
allowing the user to remain seated upright. This eliminates the need
for whole-body sensor attachment and can reducemeasurement time
and complexity. Further studies would be required to assess its effects
on diagnostic outcomes of cardiovascular disease.

While blood pressure provides a standardized measure of cardi-
ovascular health, prior work19 has noted the value in measuring PTT
alone. A marked decrease in an individual’s PTT compared to their
baseline could be indicative of cardiovascular risk. As such, PTT alone
has been proposed as a risk marker for remote monitoring of indivi-
duals at risk of cardiac events.

Our work is focused on comparing the relationship between PTT
andDBPaspriorwork suggests that arterial stiffness and vascular tone,
key factors affecting PTT, correlate more strongly with DBP than
SBP9,74. Our system leverages cardiac waveform foot-detection meth-
ods, whichhave alsobeen shown to correlatewith changes inDBP9.We
note that related studies using contact-based methods measure pulse
arrival time (PAT),whichmeasures the time intervalbetween the ECGR
peak and peripheral pulse points, is empirically more closely corre-
lated with SBP74,75.

The systolic and diastolic blood pressure estimation errors,
obtained after calibration using a regressionmodel best fitted for each
subject across a subset of evaluation dataset, are presented in Sup-
plementary Fig. 5. For DBP, the radar system achieved amean absolute
error (MAE) of 2.62 ± 0.82 mmHg for PTTSCG→wrist and 2.55 ± 0.73
mmHg for PTTSCG→neck, comparable to the contact-based reference
sensors which demonstrated MAEs of 2.26 ± 0.54 mmHg and
2.36 ± 0.58mmHg, respectively (Supplementary Fig. 5a, e). For systolic
blood pressure (SBP), both radar-based and contact-based approaches
exhibited higher errors. The radar system yielded MAEs of 7.08 ± 2.79
mmHg for PTTSCG→wrist and 6.84 ± 3.00 mmHg for PTTSCG→neck, while
the contact-based sensors reported MAEs of 6.47 ± 2.38 mmHg and
6.32 ± 2.76 mmHg, respectively (Supplementary Fig. 5b, f). The
cumulative distribution function (CDF) plots (Supplementary Fig. 5c,
g) indicate that the error distributions for SBP estimation remain

comparable between the radar system and the contact-based sensors
across the entire error range. In addition, Supplementary Fig. 5d, h
shows the correlation between the SBP estimates of the contact-based
sensors and our radar system against the blood pressure cuff. The SBP
correlation coefficient for PTTSCG→wrist and PTTSCG→neck was R = 0.86
and R = 0.87, respectively, for our radar system, which is similar to the
contact-based sensors with R = 0.90 and R = 0.89, respectively.

Our system has the following limitations. First, our current
design focuses on measuring physiological sites on the upper body.
We do note however that our system can in principle measure the
cardiac signal at arterial points on the lower body such as the
femoral artery which exhibits a pulse-induced skin displacement of
~200 μm, which is similar to that of the carotid artery76. Extending
the system to simultaneously measure arterial points on both the
upper and lower body is a goal for future work and would require
hardware modifications—such as increased transmission power and
additional antennas along the elevation axis. These additions would
not only enable whole-body pulse detection but could also accom-
modate a broader range of user postures beyond the current seated
configuration.

Second, our clinical study included a limited number of subjects
with cardiovascular conditions, specifically, six participants had diag-
nosed hypertension and two had atrial fibrillation. While subgroup
analysis did not reveal any significant differences in PTT errors
between healthy participants and those with CVD, future studies are
required to assess the performance of our system across a larger
number of participants with cardiovascular disease and related health
conditions that affect PTT and DBP.

Third, our system’s performance is constrained by the accuracy of
the reference devices used in this study. Future studies could compare
against established clinical measures of arterial stiffness such as pulse
wave velocity through applanation tonometry or cuff-based systems
(SphygmoCor XCEL, AtCor Medical77), peripheral arterial tonometry
(EndoPAT 2000, Itamar Medical78), and catheter-based reference
measurements.

Fourth, our study uses a simple linearmodel to estimateDBP from
PTT measurements. We show in Supplementary Fig. 6 and Supple-
mentary Table 3 that using logarithmic and inverse quadratic models
produce comparable results. However, more complex models and
calibration procedures could be used to take into account physiolo-
gical factors such as cardiac output and vascular tone as well as con-
ditions such as stress8,79–82.

Finally, our proof-of-concept system was implemented on an
mmWave evaluation board with an approximate cost of $4400. While
this development platform was selected to enable rapid prototyping,
in a commercial version of our design, the core algorithms would be
integrated into a PCB design with a lower cost, which mirrors the
development trajectory of commercial mmWave systems.

ba

Fig. 7 | System performance across time. a PTT measurement error across three
arterial pathways atmonth0 andmonth 12. bDBPmean absolute error atmonth 0,
and atmonth 12 without andwith recalibration. n = 2 participants were evaluated in
this longitudinal study. Each box includes 28 sessions. For the box plots in (a, b)

center line, median; box bounds, upper and lower quartiles (Q1 and Q3); whiskers,
minimumandmaximumvalues. Each box summarizes the distribution of errors for
the corresponding condition.

Article https://doi.org/10.1038/s41467-026-73453-x

Nature Communications |         (2026) 17:4554 10

www.nature.com/naturecommunications


In summary, we present a proof-of-concept system that demon-
strates the feasibility of leveraging mmWave radar for multi-site esti-
mates of PTT and DBP. Given the increasing prevalence of mmWave
radar technology, our approach has the potential to enable a more
accessible means of monitoring cardiovascular health without cuffs or
contact-based sensors. Future studies are needed to validate the sys-
tem across a broader patient population and across longer time scales.

Methods
Study design
This study was approved by Carnegie Mellon University’s Institutional
Review Board (STUDY2024_00000342). All studies complied with
relevant ethical regulations. Participants were recruited by word of
mouth from the Carnegie Mellon University student community and
via Pitt+Me from the general public in Pittsburgh PA, USA. Written
consent was obtained for human subjects participating in the study.
Sex was self-reported by participants. Participant received $30 Ama-
zon gift card per visit. All demographic and clinical data are reported in
aggregate to ensure participant anonymity. Randomization was not
applicable and investigators were not blinded.

Healthy participants above the age of 18 were eligible for the
study. Exclusionary criteria include pregnant women and nursing
mothers. Participants were screened via inclusion and exclusion cri-
teria prior to the study.

Measurement setup
ThemmWave radar contains a 2D array of 12 transmitter antennaswith
Tθ = 9 and Tψ = 3 antennas in the azimuth and elevation angle,
respectively, and 16 receiver antennas with Rθ = 16 antennas in the
azimuth angle, respectively. After eliminatingduplicate virtual antenna
locations, a total of 86 virtual antennas remain. The radar transmits at a
power of 13 dBm (20mW), which is within the typical range for Wi-Fi
routers83. The radar was mounted on a tripod positioned approxi-
mately 10 cm below the wrist and angled 10∘ toward the chest.

Measuring cardiac signals using mmWave radar
The mmWave radar transmits a chirp with linearly increasing fre-
quency from f0 = 77 GHz to f1 = 81 GHz where the detailed radar
configuration can be found in Supplementary Table 1. The received
signal contains reflections from the human body, which capture the
subtle changes in the distance between the antenna and the body,
which aremodulated by the cardiac signals. However, as the received
signal is a combination of reflections from different parts of the
body, which contain multiple cardiac signals and motion, as well as
changes in the environment, we next spatially decompose the
reflections into different range and angle bins, and identify the bin
corresponding to the physical location where a target cardiac signal
is the strongest.

Algorithm to localize cardiac signals
The goal of this step is to spatially isolate reflections caused by a target
cardiac signal and minimize interference from other cardiac signals
and motion from the body, as well as environmental sources. The
localization process involves four steps:

Signal spatial isolation. To extract cardiac-related reflections, we
leverage FMCW radar processing to decompose signals based on their
distance and use beamforming to separate signals based on their
angle. The FMCW radar continuously transmits chirp signals with lin-
early increasing frequency. The receiving antennas capture the
reflected signal from objects in the environment and mix the trans-
mitted signal to produce the intermediate frequency (IF) signal. The
transmitted signal xTX(τ) and received signal xRX(τ) at time τ within a
chirp period T can be formulated as xTXðτÞ=ATX � ejð2πf 0τ + πB

T τ
2Þ and

xRXðτÞ=ARX � ejð2πf 0ðτ�td Þ+ πB
T ðτ�td Þ2Þ where ATX and ARX denote the signal

amplitude of transmitted and received signals, f0 is the starting fre-
quency,B is the bandwidth, and td is the round-trip timedelay between
transmitting and receiving. The IF signal x(τ) is obtained by mixing the
received signal with the conjugate of the transmitted signal, given by
xðτÞ= xRXðτÞx*

TXðτÞ. The analog-to-digital converter on the radar is
configured to sample N points per chirp, where the discrete time is
given by t = Nτ

T . By applying the Fast Fourier Transform (FFT) in the
discrete-time domain F , we obtain the frequency components
Xn =F ½x½t��, where n indicates the range bin index from 0 to N.

In addition to separating reflections by range, we apply receiver-
side beamforming to spatially isolate reflections in the angular
dimension. Specifically, for a radar system with multiple receiving
antennas, we perform a spatial FFT across the antenna array to sepa-
rate reflections along the azimuth angle. This process is expressed as
Xn, θ =F ½Xn½r��, where θ represents the azimuth angle bin index, and r is
the index of the receiving antenna.

Localizing using known anatomical constraints. We leverage our
knowledge of humananatomy and the relative positioning of the radar
to constrain our search space for cardiac signals. Based on our
experimental setup with the radar positioned below the subject’s
body, we can spatially map the relevant anatomical regions as shown
in Fig. 2.

In the configuration, the distance between the radar and the wrist,
heart, neck, andhead is 10, 50, 65, and70 cm, respectively.Weconfigure
the radar with N = 128 samples per chirp, yielding a range resolution of
4.22 cm. This allows us to define specific range bins for each anatomical
target:nwrist∈ [4.22, 16.88] cm for the radial artery,nheart∈ [37.98, 54.86]
cm for the apex of the heart, ncarotid ∈ [50.64, 67.52] cm for the carotid
artery, andnmastoid∈ [59.08, 75.96] cm for themastoid area. Similarly, by
applying FFT in the azimuth dimension with a size of 128, we achieve an
angular resolution of 1. 4∘. This allows us to constrain the angular search
space enough to specific sectors for each anatomical target:
θwrist∈ [−20, 20]∘ for the radial artery, θheart∈ [−60, −20]∘ for the apex of
the heart, θcarotid∈ [−40, 0]∘ for the carotid artery, and θmastoid∈ [−35, 5]∘

for the mastoid area.
These anatomically informed constraints reduce the search space

substantially, allowing our system to focus on regions most likely to
contain the cardiac signals of interest while filtering out irrelevant
reflections from other body regions or the environment.

Identifying periodic signals. The goal in this step is to identify the
range and angle bin where the periodicity of a target cardiac signal is
maximized. To do this, we first compute the phase values ϕn,θ[t] for
each range and angle bin. Next, we apply a bandpass filter on the phase
signals to remove breathing and bodymotion artifacts, using different
frequency ranges for each measurement site: 0.5–100Hz at the wrist,
0.5–10Hz at the heart and neck, and 0.7–4Hz at the head. We then
detrend84 thephase signal to remove linear trends and center it at zero.
Furthermore, we apply the differentiator filter85,86 to sharpen the car-
diac waveform features from the heart and neck.

Next, we compute the autocorrelation function (ACF) of the phase
signal in all range and angular bins to detect repeating patterns that
reflect the periodic nature of the cardiac cycle:

ACF½m�=PC
t =0ϕn,θ½t�ϕn,θ½t +m�, whereC is the number of chirps in the

recording andm is the time lag. The ACF quantifies howwell the signal
aligns with a time-shifted version of itself. We extract the peaks in the
ACFwhere the time lag is greater than zero, denoted as [p1,p2,…,pi,…]
at lags [lag1, lag2,…, lagi,…]. For each bin, we calculate the maximum
magnitude of the peaks in the ACF with time lags correspond to the
typical frequency range of the heart rhythm, i.e. lagi/fs is in the range of
0.7–3Hz (48–180 bpm) where fs is the number of chirps per second.
We then sort the bins based on the magnitudes to identify the signal
with the strongest periodicity.
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Filtering interference from non-cardiac reflections. We observe that
while the top bin selected in the previous step has the strongest per-
iodicity, it may not be due to the target cardiac signal, but may be due
to interference from periodic reflections.

To identify the bin where the SCG, BCG and carotid artery signal
originates, we select the top 40 bins and re-rank them based on signal
power. Since the signal from target area exhibits prominent displace-
ment, the bin with the highest power is identified as the most likely
source of the signal.

To identify the bin where the radial pulse originates, our goal is to
discard outlier bins that capture periodic reflections that do not cor-
respond to the cardiac signal. To do this, we record lagi for the top 40
bins computed in the previous step. Using a histogramwith a fixed bar
size of 10 data points, we identify themost frequent lag value.We then
select the bin that also shares the most common lag value.

DNN model to compute pulse transit time
Problem formulation. To estimate the PTT between two different
body sites, we develop a temporal detectionmodel to detect the exact
timing of the key cardiac waveform features in each desired site: the
aortic opening (AO) in the SCG signal, the J-peak in the BCG signal,
and the waveform foots from the radial artery (wrist) and mastoid
area (head). Once the key features are identified, the PTT between
two sites can be derived by calculating the time differences. Given
the beamformed signal Xn, θ½t� 2 CN ×Θ×T , where N, Θ, T are the num-
ber of range bins, angles bins, and chirps, respectively. We seek to
learn a classification model fi for site i: f i Xn,θ½1�,Xn, θ½2�, . . . ,Xn, θ½T �

� �
= ðy½1�, y½2�, . . . , y½T �Þ, where y[t]∈ {0, 1} indicates if the timestamp thas
a key cardiac waveform feature, labeled using contact-based reference
sensors. Instead of designing a DNN directly for binary classification,
we apply label smoothing87 to estimate a continuous probability dis-
tribution for the key features. Specifically, we replace the binary labels
at the locations of the key features with a Gaussian kernel centered at
the feature’s location with a maximum value of 1 and a standard
deviationof 10. This formulation transformsour approach frombinary
classification to a temporal continuous regression model. This Gaus-
sian representation provides more informative gradients during
training, resulting in more robust model convergence than sparse
binary labels.

With the range bin bni and angle bin bθi with the strongest cardiac
signal from site i identified in previous steps, we use a contiguous
spatial region of bins centered around ðbni,

bθiÞ as the inputs to the DNN.
Specifically, we use 21 angle bins for heart, neck, wrist, and 5 range bins
×21 angle bins for head. We flatten the range and angles bins for head
region into a single dimension. For each bin, we calculate the magni-
tudes and unwrapped phases (i.e. ∣Xn,θ[t]∣ and ∠Xn,θ[t]) of the complex
numbers, concatenate them in the spatial dimension and use as the
inputs to the DNN. Given a total number of Bi bins around site i, the
model fi can be denoted as f i : R

2Bi ×T ! RT .

Loss function. We employ binary cross entropy as our loss function to
train the temporal detection model. For each site i, the loss Li is
computed between the predicted probability sequence byi½t� and the
Gaussian-smoothed ground truth yi[t]:

Li = � 1
T

XT
t = 1

yi½t� logðbyi½t�Þ+ ð1� yi½t�Þ logð1� byi½t�Þ� � ð1Þ

For our joint model that simultaneously detects the key cardiac fea-
tures across all four body sites, the total loss is the sum of individual
site losses (i.e. Ltotal =

P
iLi, where i ∈ {heart, neck, wrist, head})

Spatial pooling block. We consider a region of neighboring angle
and ranges bins as the inputs of DNN since they contain valuable
information as the arterial pulse propagates across the adjacent

tissue region. To reduce the spatial dimensionality and suppress the
noise in the raw phase andmagnitude waveforms, we design a spatial
pooling block as the preprocessing module of the DNN. For each
body site i, we input waveforms from 2Bi spatial bins (phase and
magnitude) of length T samples, forming input tensor X 2 R2Bi ×T .
This input is processed through two consecutive 2D convolutional
layers with kernel size (1, 7) and padding (0, 3) to preserve temporal
resolution. Each layer produces 16 feature maps followed by batch
normalization and ReLU activation, yielding X 0 2 R16 × 2Bi ×T . We then
apply Top-K spatial pooling, which selects the K features with the
highest values across the spatial dimension, reducing dimensions to
X 00 2 R16×K ×T where K < Bi. The K values are set to Kheart = 8, Kneck = 8,
Khead = 16, and Kwrist = 4 for the respective sites. Finally, a 1 × 1 con-
volution layer projects the channel dimension from 16 down to 1,
producing output eX 2 RK ×T where the spatial dimension has been
effectively reduced from 2Bi to K bins. This design distills the most
relevant spatial information whilemaintaining sensitivity to temporal
patterns in the cardiac waveform.

Convolutional encoder-decoder. After spatial pooling, we imple-
ment a U-Net style convolutional encoder-decoder architecture to
extract temporal features and generate sample-level probabilities of
key features. The encoder consists of three consecutive blocks, each
containing two 1D convolutional layers (kernel size = 7) with batch
normalization and ReLU activation, followed by max pooling with
stride 2. The channel dimensions progressively increase from K to
[32, 64, 128] to capture hierarchical features while downsampling the
temporal dimension. At the bottleneck, we employ a bidirectional
LSTMwith 2 layers, 64 hidden units, and dropout rate of 0.2 tomodel
long-range temporal dependencies in the signal. The decoder mir-
rors the encoder with three blocks that use transposed convolutions
with a stride 2 for upsampling, concatenate with corresponding
encoder features via skip connections, and process through two 1D
convolutional layers with batch normalization and ReLU. These skip
connections preserve fine-grained temporal details that might
otherwise be lost during downsampling. The final output passes
through two additional convolutional layers with a sigmoid activa-
tion function, producing a probability distribution byi½t� 2 ½0, 1�T for
each timestamp. This architecture remains consistent across all four
body sites, differing only in the input spatial dimension K from the
spatial pooling block.

Cross-region fusion module. Since pulse waves at different anato-
mical sites originate from the same cardiac cycle, they can exhibit
temporal correlations with similar waveform features88. However,
signal quality can vary across sites due to local tissue properties and
measurement conditions. To exploit these relationships, we imple-
ment a cross-region fusion module between the encoder and decoder
stages, after the bottleneck LSTM processes each site’s feature inde-
pendently. Operating on feature representations with hidden size 128,
the module employs a dual attention mechanism with 4-head multi-
head attention. First, cross-site attention allows each site’s features to
incorporate relevant information fromother sites, followedby residual
connections and layer normalization. Then, temporal attention is
applied to each site independently, enabling focus on temporally sig-
nificant patterns. This architecture enables the network to jointly
model spatial relationships between anatomical sites and temporal
dynamics within each site, making the system more resilient to local
noise and improving PTT estimation accuracy by leveraging com-
plementary information across all measurement sites.

Dataset preprocessing. We randomly divide the evaluation phase
participants (n = 13) into two equal sets. To evaluate the performance
on set 1 participants, we train the model using all development phase
participants plus set 2 evaluation participants, and vice versa for
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evaluating on set 2. Each radarmeasurement session lasts 80–110 s.We
define each data sample as a 5-s segment of radar data, using a sliding
window approach with a 1-s stride. This process generates ~10.8 k
samples from development phase participants, 3.0 k samples from
evaluation set 1, and 3.1 k samples from evaluation set 2.

Data augmentation. To improve model robustness and general-
ization, we implement a spatial bin dropout augmentation strategy.
During training, instead of using all available spatial bins Bi for each
site i, we randomly select a subset of B0i bins in every new epoch.
Specifically, we use B0head = 75 (out of 105 bins), B0neck = 35 (out of 42
bins), and B0heart = 30 (out of 42 bins), with no augmentation forwrist.
This technique forces the model to learn from different spatial
combinations, preventing it from over-relying on specific bins that
might have strong signals in the training data but could be less reli-
able in real-world scenarios. Additionally, this form of augmentation
acts as a regularizationmechanism to reduce overfitting and improve
themodel’s ability to handle variable signal quality. During validation
and testing phases, we use all available bins to maximize
performance.

Training procedure. We employ a two-stage training strategy with the
AdamW optimizer. In the first stage, we train the network for each
individual site without cross-region fusion, using 20% of the training
data for validation. The site-specific hyperparameters are: batch size of
128 and learning rate of 0.001 for all sites,withweight decay of0.01 for
head and wrist networks and 0.0001 for heart and neck networks. We
train each site-specific network for 50 epochs. In the second stage, we
freeze all site-specific components and train only the cross-region
fusion module with a batch size of 36, learning rate of 0.0004, weight
decay of 0.0001, and for 30 epochs. This two-stage approach allows us
to first build strong site-specific feature extractors and then optimize
their integration.

Deriving PTT from DNN output. To extract pulse transit times from
the probability distributions of the key features produced by our
model, we employ a multi-step post-processing approach. First, we
identify significant peaks in the probability sequences using a peak
detection algorithm with a minimum distance constraint of 300 ms
between consecutive peaks and site-specific height thresholds (0.55
for heart, 0.5 for neck, 0.25 for wrist, and 0.35 for head). Once peaks
are detected across all sites, we calculate PTT values between pairs of
sites by taking the time difference between corresponding peaks,
constraining the values to physiologically plausible ranges. To ensure
measurement stability, we apply outlier removal by excluding PTT
values with z-scores exceeding 2.0, followed by temporal smoothing
using a moving average filter with a kernel size of 5. This processing
pipeline effectively translates the model’s probabilistic outputs into
PTT measurements over time.

PTT performance evaluation. Our radar system adjusts its focus to
enhance the detection of stronger cardiac signals, whereas the
contact-based reference sensors remain fixed at predetermined ana-
tomical locations throughout the measurement process. This differ-
ence in positioning introduces a spatial discrepancy between the
radar’s target site and the exact placement of the reference sensors.
For instance, when measuring at the neck, the contact-based sensor is
positioned over the carotid artery just above the clavicle, while the
radar targets a segment of the carotid artery located ~10 cm higher at
the upper neck. Given that the pulse wave velocity typically ranges
from 5 to 10m/s89, and assuming a constant propagation speed
between the reference sensor and the radar’s measurement site, this
10 cm displacement results in a time shift of ~10–20ms. To assess the
performance of radar-based PTT, we prioritize the analysis of dynamic
variations rather than absolute values. Therefore, we normalize the

PTT values obtained from the contact-based sensor by aligning their
mean with the mean of the radar-derived PTT measurements, effec-
tively eliminating this constant temporal offset. This normalization
ensures a fair comparison of PTT fluctuations between the two mod-
alities, as illustrated in Fig. 3.

Estimating diastolic blood pressure fromPTT. Severalmethods have
been proposed for calibrating PTTwith bloodpressure34.We select the
linear regression model DBP = a ⋅ PTT + b52, which is computationally
efficient, requires fewer data points, and is widely used in PTT-BP
calibration.

In our bloodpressure evaluation (Fig. 4, Supplementary Fig. 5), we
calibrate the regression model using three data points per subject. To
ensure sufficient variability in the data, one point is randomly selected
when the subject is at rest, while the other two are randomly chosen
from post-exercise measurements. This approach enhances the
robustness of the calibration by incorporating a range of physiological
states.

Ground truth reference measurement setup
Contact-based reference sensors. To obtain a reference measure-
ment of pulse transit time, we use the accelerometer of an inertial
measurement unit (Seeed Studio XIAO nRF52840 Sense90), and a PPG
sensor (Electronics LLc, PulseSensor91) to measure the cardiac signals
at different points along the body. The IMU is configured to have a
sampling rate of 416Hz with a linear acceleration sensitivity of
0.061mg/LSB92, and the PPG sensor is configured to have a sampling
rate of 500Hz. We resample the IMU data to 500Hz to make it
consistent with the sampling rate of PPG and the rate of chirps
of radar.

Sensor synchronization. In our measurement setup (Supplementary
Fig. 1), an IMU and PPG sensor is packaged in a plastic case and
attached to the radial artery of the subject’s right wrist and an IMU is
attached to the carotid artery of neck above right clavicle using
transparent wound dressing (Dimora Transparent Film93), while other
two IMUs are attached to the apex of heart and mastoid area of the
head using an elastic band94 and velcro strap design95. All reference
sensors are connected via a USB cable to a laptop for recording. The
IMU and PPG at the wrist are connected to the same clock and syn-
chronized. As the four IMU reference sensors (IMUwrist, IMUhead,
IMUheart, IMUneck) each have a different clock, we perform a calibration
step at the beginning of each measurement to synchronize the sensor
data across them and the mmWave radar. Following common
practice96–99 in kinematic research, we time-synchronize our reference
sensors using a prominent mechanical perturbation, performed as
deliberate shaking events of the sensors in unison.

Step 1. We attach the IMUneck to the participant’s neck.
Step 2. We attach the PPGwrist and IMUwrist to the

participant’s wrist.
Step 3.IMUhead and IMUheart are shaken up and down along the

y-axis for two seconds.
Step 4.IMUhead is attached to the head band.
Step 5.IMUheart is held with IMUneck and shaken up and down along

the y-axis for two seconds.
Step 6.IMUheart is held with IMUwrist and shaken up and down along

the y-axis for two seconds.
Step 7.IMUheart is attached to the chest band.
Step 8.IMUwrist is placed ~10 cm from the mmWave radar and

shaken up and down towards the device and along the y-axis for two
seconds.

To synchronize the signals, we identify the time window across a
signal pair that contains the shaking motion, and use that window to
compute the time lagbetween the recordings. Todo this,we leverage a
sliding window approach that segments the signal pairs into windows
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of duration [wlen,wlen + step] wherewlen = 2s and step = 0.02s. For all
window pairs, we perform cross-correlation between the two windows
and find the amplitude of the maximum peak. Intuitively, the window
containing shaking would contain the highest cross correlation peak
because due to the synchronized shaking motion. Outside of the
period of shaking, the sensors move independently and showminimal
correlation. For the time window when shaking occurs, the time lag of
the maximum peak is used to synchronize the signals.

We next synchronize IMUwrist with the mmWave radio data. We
first constrain the shaking motion of wrist is 30 cm above radar. Then
we select radar with the angle bin from −36 ∘ to 20 ∘ with the corre-
sponding range bin. We then apply differentiator filter85,86 on radar
phase signal to align the radar signal characteristic with IMU signal.
Next, we perform the same synchronization algorithm among IMU
sensors with each pair of IMUwrist and radar range-angle bins. Finally,
we select the time lagof themaximumpeakwith the largest peak value
among selected radar bins.

Computing pulse transit time from reference sensors
We use the PPG sensor at the wrist as a referencemeasure of the pulse
at the radial artery, the z-axis from IMUneck as a reference measure of
the pulse at the carotid artery, the x-axis from IMUhead as a reference
measure of BCG, and the z-axis from IMUheart as a reference mea-
sure of SCG.

Using our reference sensors, the ith PTT measurement is com-
puted as the interval between the start of the pulse tstarti and its arrival
at a peripheral arterial site tendi . In our system, we can compute the
proximal point of PTT on the timing of the aortic valve opening (AO)
from the SCG signal at time, or the J peak in the BCG signal. We com-
pute the distal point of PTT at a peripheral site using the foot of the
PPG signal at the radial artery at the wrist and the primary peak of the
IMU signal (the foot of pulse distension) at the carotid artery at the
neck100. Of these two signal types (IMU, PPG), we find that the pulse
waveform captured via the PPG sensor exhibits the highest SNR. As
such, we first search for tendi in the PPG signal at the wrist, then search
for the corresponding tstarti and tendi in the SCG, BCG, and neck pulse
signal relative to it.

Identifying tendi ½Wrist� at wrist from PPG signal. The tendi of each
pulse in the wrist PPG signal occurs at the foot of each cardiac cycle
and is minimally affected by wave reflection8. While previous works
have proposed various definitions for the foot location in a single
cadiac cycle8,101,102, we use the intersecting tangent method to identify
the foot point. To perform this peak selection across multiple recor-
ded cardiac cycles, we first apply a low-pass filter with a cutoff fre-
quency of 10Hz to remove noise artifacts. We then compute the first
derivative of the waveform to identify the point of maximum gradient.
Finally, we determine the intersection of the horizontal line at the local
minimum with the tangent at the maximum gradient point to find the
desired foot location.

Identifying tstarti and tendi from IMU signals. Next, we search for the
corresponding tstarti for SCG BCG signals and tendi for carotid artery
signal at neck. In the SCG signal, this is the aortic valve opening time,
while in the BCG signal we use the J peak, which has been shown to
have a stronger correlation with blood pressure when calculating
PTT from BCG to wrist PPG31. In the carotid artery signal, we find the
first major peak following the Start of Isovolumetric Contraction
(SIC). In the absence of noise, the AO peak in the SCGwaveform, the J
peak in the BCG signal and the major peak after SIC at the carotid
artery signal are typically the highest amplitude features in the signal.
However, challenges arise due to the sensitivity of the IMU signal to
motion artifacts, variations in sensor placement, and differences in
BMI among subjects. Consequently, the highest measured peak
within a cardiac cyclemay not always correspond to the target peaks.

To tackle this challenge, we first perform a broad search with the
reference PPG foot time tendi ½Wrist� for candidate time points to
avoid selecting noise outside the PTT range. Then we perform a
refined search to avoid selecting neighboring peaks that obscure the
desired target peaks.

Broad search for peaks in IMU signals. In this step, we search for
candidate timepointswithin periodically increasing searchwindowsof
sizes ranging from wmin = 100ms to wmax = 300ms. We set the initial
search window of ½tendi ½Wrist� �w, tendi ½Wrist��, where w = wmin, and
progressively move the starting point backwards in time until
w=wmax. The intuition for this approach is to exclude peaks resulting
from unintended movements outside the expected PTT range.

We mark the timestamp of the maximum amplitude peak within

the time windows as the candidate peak gti,w within the SCG, BCG, or
carotid artery signal. We then sum the amplitudes of all candidate
peaks in the time windows a measure of the amount of vibration
energy, which we illustrate for the SCG signal:

S½w�=Pwmax
w=wmin

PP
i=0SCG½gti,w�. We then find the window size which

maximizes the sumof the amplitudesof the candidate startingpeaks in
the signal: w* = argmaxwðSÞ. We then set the coarse-grained starting

time to be eti = gti,w*.

Refined search for ti. Next we refine our estimate of the candidate
starting time eti. The intuition behind this approach is that themajority
of target peaks are found correctly with the window size w*. To mini-
mize the selection of neighboring peaks thatmay correspond to noise,
we identify the most likely PTT value while applying a small threshold
to ensure robustness to local PTT variance. To do this, we mark the
timestamp with the maximum peak amplitude within the refined
search window [(ti − w*) − δ, (ti − w*) + δ] as the final selected ti value
where the threshold δ = 30ms.

Software. Data from themmWave radar was collected usingmmWave
Studio (v03.00.00.14, Texas Instruments). IMU and PPG sensor data
were collected using custom Python (v3.11.9) scripts via serial com-
munication. Signal processing of radar IQ data was performed using
custom MATLAB (R2023a, MathWorks) scripts. Machine learning
models were trained and evaluated using PyTorch (v2.4) in Python
(v3.11.9). Figures were created using matplotlib (v3.9.2).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The processed example sensor data (anonymized subset) generated in
this study have been deposited in Zenodo under accession code
10.5281/zenodo.19403782. The raw radar and wearable sensor
recordings generated in this study are protected and are not available
due to participant privacy under the IRB-approved study protocol.

Code availability
All custom code generated in this study is publicly available at https://
github.com/ZJendex/polypulse-pttunder the MIT License.
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