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Abstract

Cardiovascular diseases remain a leading cause of mortality and
disability. The convenient measurement of cardiovascular health
using wearables is a key enabler to foster continuous, accurate
and early detection, diagnosis and management of cardiovascular
diseases. We integrate Photoplethysmography (PPG) and mmWave
sensing in a mobile wearable device to detect the Inter-beat interval
(IBI) and arterial pulse wave. Particularly, We have developed a
hardware prototype that integrates both sensing modalities and
have verified the system against the gold clinical standard reference
with a diverse population of 23 subjects.
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1 Introduction

Blood pressure, a fundamental physiological parameter, serves as
a crucial indicator of the cardiovascular system’s function and is
a key vital sign monitored in clinical settings [30, 36]. Its accurate
and continuous assessment is important for the early detection,
diagnosis, and management of cardiovascular diseases, which is still
one of the most important cause of disability [27, 38]. Traditional

This work is licensed under a Creative Commons Attribution 4.0 International License.
ISWC ’25, Espoo, Finland

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1481-8/2025/10

https://doi.org/10.1145/3715071.3750411

Dariush Salami
dariush.salami@aalto.fi
Aalto University
Espoo, Finland

Tuukka Panula
tuukka.j.panula@utu.fi
University of Turku
Turku, Finland

184

Huseyin Yigitler
yusein.ali@aalto.fi
Aalto University
Espoo, Finland

Stephan Sigg
stephan.sigg@aalto.fi
Aalto University
Espoo, Finland

methods of blood pressure monitoring, often relying on intermittent
cuff-based measurements, have limitations to provide continuous
blood pressure fluctuations and can be inconvenient for routine or
overnight monitoring [30, 31, 36].

Arterial stiffness, a measure of the elasticity of arterial walls,
is increasingly recognized as a significant factor in cardiovascular
health [9, 13]. Changes in arterial stiffness are associated with aging,
hypertension, and various other cardiovascular disorders, influenc-
ing the morphology of the arterial pulse wave [13, 38]. These func-
tional alterations in the pulse wave contour impose an increased
workload on the cardiovascular system, thereby emphasizing why
accurate characterization of arterial pulse wave is necessary for
a robust cardiovascular evaluation [10, 24]. By continuously cap-
turuing arterial pulse waveforms and related physiological data,
wearable technologies hold significant promise for early detection
and more effective management of prevalent conditions such as
hypertension and other cardiovascular disorders [19, 21, 38].

IB], the time between successive heartbeats, offers early indi-
cation of emerging cardiovascular conditions [6], carrying valu-
able information beyond basic heart rate. PPG, one of the most
common wearable health sensors [25], provides both a blood vol-
ume-based pulse wave and IBI measurements. These are often used
to assess heart rate variability, which reflects autonomic nervous
system activity and cardiovascular health. PPG is a simple and
low-cost optical biosensing solution that supports continuous mon-
itoring [2, 29]. However, for capturing high-fidelity arterial pulse
waveforms needed in advanced assessments like arterial stiffness,
PPG can face limitations [12, 22].

To address it, combining PPG with a more advanced sensing
modality such as mmWave radar in the same device allows side-
by-side comparison of their capabilities. PPG enables continuous,
energy-efficient monitoring of cardiovascular signals, particularly
beat-to-beat timing, while mmWave radar also captures high reso-
lution arterial pulse waveforms at selected intervals. These detailed
waveforms can support estimation of arterial stiffness, a biomarker
of vascular aging. While there is some overlap, such as in beat
timing, their differing strengths, PPG in low-power beat detection
and mmWave in morphological detail, motivate their co-location.
Together, they form a complementary sensing setup for compre-
hensive cardiovascular monitoring. To assess signal reliability, we
compare both sensing modalities against Continuous Non-invasive
Arterial Pressure (CNAP), commonly used as a reference.
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Our contributions are two-fold:

(1) We introduce a novel hardware prototype that integrates re-
flective PPG and near-field mmWave sensing within a single
compact wearable form factor, enabling the first simultane-
ous acquisition of both signals from the same anatomical
site.

(2) We conducted a study on 23 healthy participants to evaluate
and compare the ability of both sensing modalities to capture
IBI and arterial pulse waveforms. This provides insights into
how each modality performs in terms of beat timing accuracy
and waveform fidelity compared to CNAP.

2 Related Work

Recent advancements in near-field RF sensing have demonstrated
the potential for non-invasive biomedical measurements, both in
contactless and wearable configurations. mmWave sensing has typ-
ically been explored for its potential in contactless applications; for
instance, a study by Wang et al. [34] demonstrated the contactless
sensing of IBL Similarly, Shi et al. [30] introduced a contact-free
mmWave radar-based system for blood pressure measurement with
a focus on motion robustness. Likewise, Tseng et al. [32] explored
cuff-less blood pressure measurement using a microwave near-
field self-injection-locked wrist pulse sensor. In addition, Ha et
al. [14] demonstrated contactless reconstruction of seismocardio-
gram waveforms using deep-learning-based radar sensing, high-
lighting the potential of mmWave for non-wearable, long-range
cardiac monitoring.

The present work focuses on a wearable implementation, which
supports continuous, on-body monitoring and is well suited for
practical, everyday use. Johnson et al. [18, 19] presented a wearable
mmWave device designed for the measurement of arterial pulses
on the wrist for pulse wave analysis (PWA) and pulse transit time
(PTT). Wen et al. [36, 37] also proposed a noninvasive and contin-
uous blood pressure estimation developed by a 120 GHz compact
antenna radar, extracting the radar-based pulse transit time (RPTT).
Das et al. [11] presented a feasibility study on the non-invasive and
continuous measurement of the jugular venous pulse using Fre-
quency Modulated Continuous Wave (FMCW) radar. Li et al. [20]
presented a near-field cardiac signal monitor based on radar which
can be used as a chest wearing device. Abu-Sardanah et al. [1]
utilized mmWave sensing on the chest for cardiorespiratory moni-
toring. Vysotskaya et al. [33] have demonstrated transformer-based
approaches for accurate continuous BP estimation utilizing a 60
GHz radar.

The simultaneous use of RF and PPG can provide complemen-
tary information regarding cardiovascular dynamics. PPG and radar
sensors can be attached to separate sites on the body. For instance,
Ebrahim et al. [26] estimated blood pressure using on-body contin-
uous wave radar in conjunction with PPG under various posture
and exercise conditions. The continuous wave radar was imple-
mented on the chest and the PPG was attached into the earlobe of
the test participants. Gomes et al. [13], have compared wrist-worn
mmWave radar with fingertip PPG and a continuous non-invasive
blood pressure (CNIBP) reference device.

Despite growing interest in combining RF and PPG for cardio-
vascular monitoring, a direct, quantitative comparison of arterial
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pulse waveforms captured simultaneously by both modalities from
the same anatomical location remains largely unexplored.

3 Materials and Methods

The multi-modal prototype was developed in a wristband form fac-
tor for data collection, which is illustrated in Fig. 2. The mmWave
sensing component of our prototype is based on the Infineon-
BGT60TR13C evaluation kit [17]. This radar operates at 60 GHz
with more than 5 GHz bandwidth and integrates three receive (RX)
and one transmit (TX) antenna [16]. The BGT60TR13C evaluation
kit is highly configurable, and its accompanying Software Develop-
ment Kit (SDK) enables real-time data analysis. We set the frame
rate of the radar to 200 Hz. For the optical sensing modality, our
prototype incorporates the ams-osram AS7058 analog front end
and its extension board [3, 4]. The AS7058 is capable of driving
multiple Light Emitting Diodes (LEDs) and reading signals from
multiple photodiodes [5]. The extension board connects the optical
front end to the AS7058 [4]. We utilize SFH 7072 optical modules,
which integrate LEDs of different wavelengths and photodiodes.
In the study we primarily utilize the green wavelength from one
of the optical modules. A dedicated Printed Circuit Board (PCB)
was designed to solder the optical module and route the necessary
electrical traces to connect to the AS7058 extension board. The
PCB design also includes an opening that properly positions the
optical modules for direct contact with the tissue, while ensuring
that there is no barrier between the radar antenna and the tissue
which is demonstrated in Fig. 2 (D). The enclosure of the prototype
positions the mmWave antenna at the desired 3mm distance from
the tissue while attaching the optical modules to the skin surface;
the rigid enclosure design ensures minimal positional shifts.

As ground truth for validation, we utilize the industry gold stan-
dard, CNSystems CNAP consisting of a main display unit, a brachial
cuff and a wrist-worn finger cuff unit. The pressure values of the
finger cuff are calibrated to brachial BP by the system firmware
after an arm cuff measurement is performed.

3.1 Radar Signal Modeling

The mmWave sensor transmits FMCW signals which can be repre-
sented as [8]:

xp(t) = Ap ej(zn.'ﬂ;t+ﬂ'7%l‘z) (1)
where ¢ is time, f; is the carrier frequency of the chirp signal, B is
the bandwidth, At is the amplitude of the transmitted signal, and
Tt is the chirp duration.

This electromagnetic wave travels towards the tissue, interacts
with the tissue, and the reflected wave is received by the antenna.
The distance to the tissue is computed as 2(dy + Ad(t)), where
dp is the distance from antenna to tissue and Ad(¢) is the tissue
deformation due to arterial pulsation. The received signal can be
formulated as:

xr(t) = AR ej(mﬁ(t_td)w%(t_td)z)

@)

where Ap is the amplitude of the received signal and ¢ is the time
delay of the received signal due to round trip. The FMCW system
combines the reflected signal with the transmitted signal, and after
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(a) Experiment setup

(b) Participant demographics

Figure 1: (a) Setup with (A) Multimodal sensing prototype,
(B) ams-OSRAM 7058, (C) CNAP finger cuff, (D) CNAP 500,
and (E) Arm cuff. (b) showing the distribution of participant
ages and genders, as well as distribution of systolic blood
pressure, diastolic blood pressure.

filtering [35], it is converted to an Intermediate Frequency (IF)
signal, which can be represented as [30]

Sip(8) = x7(1) - xp(2) ~ A(r) e/ 2nfa()t+¢(1))

A() = ArAp Bldor2d),

p(1) = THATAD,
®)
where Syp(t) is beat signal, and A(t),f;(t), and @(t) are amplitude,
frequency and phase of the beat signal, respectively. The arterial
pulse waveform in this study is extracted from ¢(¢) which is more

sensitive to small changes [21].

fa(t) =

3.2 Participants

The study involved 23 healthy participants (22 to 65 years, 16 male,
7 female). Fig. 1b shows their baseline systolic and diastolic blood
pressure measurements, demonstrating the physiological diversity
of the study population.

This diversity was also present in their blood pressure readings,
which ranged from 82 mmHg to 151 mmHg for systolic BP, 54
mmHg to 93 mmHg for diastolic BP, and 63 mmHg to 112 mmHg
for MAP. This wide range increases the chance of observing a
range of pulse wave morphologies, allowing for an evaluation of
the multi-modal sensor’s ability to track these different patterns
accurately.

Participants provided written informed consent prior to enroll-
ment, and the study protocol received approval from the ethics
committee of Aalto University (approval ID D/10330/03.04/2024).

3.3 Experimental Setup

We performed experiments in a room with a controlled tempera-
ture of 23 degrees Celsius. Participants were seated comfortably
in an adjustable-height chair so that their right wrist, where the
multimodal sensor prototype was placed, was aligned with heart
level. A CNAP Monitor 500 served as gold standard reference for
continuous blood pressure measurements. An appropriate arm cuff
was fitted to the left arm. After selecting the correct size, finger
cuffs were attached to the index and middle fingers of the left hand.
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Figure 2: Prototype of the multimodal arterial pulse wave
sensing device. (A) The wearable sensor positioned over the
radial artery at the wrist. (B) The assembled prototype en-
closure housing all sensor components. (C) mmWave radar
module for near-field pulse wave sensing, (D) PPG optical
front-end, and (E) the protective enclosure featuring a dedi-

cated slot for wrist strap attachment.
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Figure 3: Digital signal processing flowchart.

The CNAP system performed self calibration, and participant phys-
iological information (weight, height, age, gender) was provided to
the device.

The multimodal sensor prototype was positioned on the right
wrist over the radial artery (located by palpation to maximize signal
acquisition). The tightness of the wrist strap securing the prototype
was adjusted to ensure consistent skin contact without impeding
blood flow. Data from mmWave radar and PPG sensor were acquired
simultaneously at a sampling rate of 200 Hz to ensure capturing de-
tailed arterial pulse waveform morphology. Sensor synchronization
was achieved by generating mechanical trigger events (three taps)
at the beginning of recording, which produced clear landmarks in
all sensors for alignment during post-processing. Participants were
instructed to remain still and minimize movements throughout the
data collection period to minimize motion artifacts. The experiment
setup is illustrated in Fig. 1a.

3.4 Signal Processing

The overall signal processing flow is schematically represented in
Fig. 3. The initial signal processing stage involved the acquisition of
raw IF signals, characterized by a four-dimensional data structure
containing frames, antennas, chirps per frame, and samples per
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chirp. Subsequently, a mean removal operation was applied across
each chirp to mitigate the presence of DC bias and accentuate
the subtle variations indicative of pulsatile activity. Following this,
a Fast Fourier Transform (FFT) was performed along the sample
dimension for each chirp to extract range-resolved information.
From the frequency-domain data, phase were computed using Isjgnal
(real) and Qgjgnal (imaginary) components of the signal as [11]:

signal

d;(t) = arctan (é

) € (-mm). (4)

signal

To address inherent discontinuities arising from the arctangent
function in phase estimation, a temporal phase unwrapping al-
gorithm was implemented. A fourth-order Butterworth bandpass
filter (0.5-8 Hz) was applied to attenuate baseline drift and high-
frequency noise.

Further processing involved MATLAB peak detection algorithms
to the filtered phase signal to identify systolic and diastolic peaks.
To optimize signal fidelity, the peak-to-peak value of the pulsating
signal was computed across all range bins and antenna elements,
and the combination showing the highest peak-to-peak amplitude
was selected for further analysis. The identified diastolic peak was
strategically utilized to detect potential signal inversions and to
ensure the consistent polarity of the arterial pulse wave derived
from the mmWave sensor.

For the analysis of the PPG data, one of the green channels of the
raw signals was selected. Subsequently, the same bandpass filter
that was applied to the mmWave radar data was also implemented
on the PPG signal. The remaining steps are peak detection analysis
which went through the same pipeline as mmWave signal process-
ing described above to obtain the diastolic peaks. Regarding CNAP
data, peak detection was applied to identify the systolic and dias-
tolic peaks to determine blood pressure values. For synchronization
of the different sensors, the diastolic peak can serve as a temporal
marking point for matching the mmWave, PPG, and CNAP. Also,
the IBI were extracted based on the temporal separation between
successive diastolic peaks for mmWave and PPG sensors.

The signal morphology was extracted based on the waveform
segments between diastolic peaks and normalized, for both ampli-
tude and time domains, for all the sensor systems. This normaliza-
tion aimed to mitigate the effects of variations in heart rate and
signal amplitude, thereby enabling a meaningful comparison of the
different sensing modalities.

4 Results

Inter-subject variability in arterial pulse wave morphology obtained
by mmWave radar, PPG, and the reference CNAP for a represen-
tative subject over a 10-second time period is visually presented
in Fig. 4. In particular, the diastolic peaks are marked with dashed
lines.

The temporal dynamics of the IBI, derived from the continuous
recordings across the entire experimental duration, are illustrated as
three distinct time-series in Fig. 5 for Subject1. These signals depict
the beat-to-beat variation in the time interval between consecutive
diastolic peaks as measured by the mmWave radar, the PPG sensor,
and the CNAP gold standard.
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Figure 4: Example simultaneous pulse waveforms over a 10-
second period, showing CNAP, radar phase changes, and PPG
signals, with detected diastolic peaks indicated by dashed
lines.
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Figure 5: Inter-beat intervals (IBI) of Subject 1, showing the
beat-to-beat variation in pulse timing extracted from CNAP,
radar, and PPG signals.
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Figure 6: Bland-Altman plot comparing IBI measured by the
PPG (left figure), RF (right figure) versus the reference CNAP.
The plot shows the differences between the two methods
against the mean values. The mean bias and the limits of
agreement (+2SD) are shown as reference lines.

To quantitatively assess the agreement between the PPG-derived
IBI, mmWave-derived IBI and the CNAP reference IBI, a Bland-
Altman analysis was conducted (cf. Fig. 6), which displays the dif-
ference between the two IBI measurements plotted against their
mean value. The 95% limits of agreement, representing +2 standard
deviations (SD), are indicated by horizontal dashed lines, and the
computed bias is represented by a red line.

The IBI, estimated for all test subjects across every heartbeat,
yielded a total of 1561 data points measured by both mmWave radar
and PPG. These data points can be validated against the CNAP,
providing metrics like IBL. The 95% limits of agreement indicate that
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Figure 7: Average normalized pulse waveforms from CNAP,
RF, and PPG signals across all detected beats for subjects
with different ages. The shaded areas represent +2 standard
deviations, indicating the beat-to-beat variability in pulse
morphology for each modality.

Metric PPG Reference (CNAP) Radar
Mean Number of

Inflection Points + STD 1.80 + 1.09 2.80 = 1.44 3.11 % 1.06
Mean Area Under

the Curve + STD 0.61 £0.03 0.36 £ 0.05 0.44 £ 0.06
Comparison Metric PPG-Ref Radar-Ref

Mean Difference in

Inflection Points (p-value) -0.99 (< 0.001)

0.31 (< 0.001)
Mean Difference in
AUC (p-value)

Mean Cosine
Similarity + STD

0.25 (< 0.001) 0.08 (< 0.001)

0.85 £ 0.04 0.96 £ 0.02

Table 1: Summary of morphology metrics (top) and statistical
comparisons (bottom) for PPG, radar, and reference (CNAP).
All metrics were computed separately per subject, and the
reported values represent the mean * standard deviation
across subjects, capturing inter-subject variability.

the IBI readings from the PPG sensor can be up to approximately
0.92 ms (bias) - 21.20 ms lower to 0.92 ms (bias) + 23.03 ms higher
than expected. Similarly, the IBI readings from the mmWave radar
sensor can be up to roughly 2.48 ms (bias) - 28.17 ms lower to 2.48
ms (bias) + 33.13 ms higher than the expected value. The calculated
bias value for PPG was 0.92 ms, and for the mmWave radar sensor,
it was 2.48 ms. The corresponding RMSE values were 11.09 ms
for PPG and 15.52 ms for mmWave radar, further quantifying the
average deviation from the reference.

A representation of the average normalized pulse waveform
samples for a subset of four participants, selected based on age
differences, is shown in Fig. 7. The standard deviations provide a
measure of the intra-subject variability of the signals across differ-
ent cardiac cycles during the experiment, offering insights into the
consistency of the pulse waveform within each individual.

The quantitative analysis of arterial pulse waves from different
sensor technologies was investigated and demonstrated in Table 1.
Inflation points are the number of points where the derivative of

188

ISWC 25, October 12-16, 2025, Espoo, Finland

AUC - Normalized RF AUC - Normalized PPG AUC - Normalized CNAP

207 p=088 0.7 07
a™ *p=0.027 : :
o p = 0.080 ? %l p = 1.000
E 0.6 — 0.6 E 06 p=0357
T Op=0.885 p=0.124
g 0.5 0.5 5059 0.5
c p=0.886
504 ? 04 — 04 é
(&}
=
< 0.3 0.3 0.3 =
<85 35-50 >50 <35 3550 >50 <35 35-50 >50
Age Group

Figure 8: Boxplots of the area under the normalized pulse
waveform (AUC) across different age groups for RF, PPG, and
CNAP modalities.
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Figure 9: Principle component analysis of different sens-
ing modalities, marked by different systolic blood pressure

ranges.

the signal is equal to zero and averaged through the experiment
and the area under curve (AUC) is the integration of the wave.
In addition, the table reports the difference between the metrics
estimated by different technologies versus gold standard.

The AUCs of different sensor modalities for different age groups
are demonstrated in Fig. 8. The AUC of arterial pulse waveform
shows lower range for RF and CNAP comparing with PPG. Ad-
ditionally, the statistical significance (p-values) of the differences
between age groups is highlighted, with the RF modality demon-
strating the lowest p-value, indicating the strongest distinction
between young and older participants.

The statistical analysis of different sensor modalities categorized
by systolic blood pressure ranges: below 110 mmHg, 110-140 mmHg,
and above 140 mmHg is demonstrated in Fig. 9. The first three
principle components show the main variation in morphologies.

5 Discussion

The mmWave sensor tracks pulse wave morphology with notice-
able similarity to CNAP. The phase variation of the radar presents
a stable signal throughout the heartbeats, and as visible in Fig. 4.
Upon inspecting the arterial waveforms, it is noticeable that reflec-
tions occur after the systolic peak, appearing as some peaks in the
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waveform and dicrotic notch which can be a signature in the wave-
form originating from the mechanical properties of the arteries.
The mmWave sensor captures these reflections in amplitude and
time. PPG occasionally misses reflections due to blood transition to
capillaries and slower pulse decay, reducing their visibility.

The Bland-Altman IBI plots indicate an acceptable level of agree-
ment between PPG with the reference. It shows the potential of
PPG sensor for continuous IBI measurement.

The mmWave sensor demonstrates a significant capability in
capturing the details of the arterial pulse wave, including the Late
Systolic Augmentation Wave and the reflection waves. This high-
lights a crucial benefit of cuff-less mmWave sensing: the ability
for continuous monitoring of the arterial pulse wave, which is a
vital step towards applications such as improved sleep monitoring
and the continuous assessment of cardiovascular health. The high
sensitivity of mmWave radar to arterial pulsations positions it as a
promising tool for in-depth cardiovascular assessment.

The comparison of normalized arterial pulse waveforms obtained
from three sensing modalities in Fig. 7 illustrates four distinct ex-
amples of pulse wave morphologies. The temporal alignment be-
tween the CNAP and mmWave waveforms is notably higher when
contrasted with the PPG waveform. The PPG waveform typically
presents as broader with a more gradual decay, whereas CNAP and
mmWave exhibit sharper signals with more defined upslopes, more
closely resembling the expected characteristics of arterial wave-
form. Both the CNAP and mmWave signals effectively detect the
dicrotic notch. In contrast, the PPG signal often exhibits a smoother
decay due to its nature as a blood volume-based sensor. The vari-
ability in the signals shows the consistency and repeatability of the
sensor technology. When compared to PPG, the mmWave radar
demonstrates a very similar pulse wave morphology to CNAP, and
the confidence intervals associated with the mmWave data suggest
stability.

Fig.7 shows age-related differences in arterial pulse morphology
across four representative participants. Younger subjects show late
reflections ( 0.5s), while older ones exhibit dicrotic notch loss and
broader systolic peaks. These changes are consistent with prior
studies[7, 15, 23, 28], reflecting the known effect of age-related
arterial stiffness on waveforms.

The quantitative analysis in Table 1 shows that the mean number
of inflection points in PPG, CNAP, and radar are 1.8, 2.8, and 3.1,
respectively, which shows that the mmWave sensor is capable of
detecting the reflected waves similar to the reference device. The
mean AUC, demonstrated that the reflective PPG has a higher value,
indicating the slow decaying of the PPG signal. The mean AUC of
reference and CNAP are 0.36 and 0.44, show the similarity between
these two waveforms. According to the statistical comparison in
Table 1, the reflective PPG is missing one inflection point on average
compared to the reference, and the mmWave-based sensor can
detect the inflection points which was detected by the reference
device. The mean AUC comparison demonstrates a 0.25 higher value
compared to the reference which emphasize on the slow decay of
PPG, while the difference between mmWave and reference is 0.08,
which shows an acceptable level of agreement for AUC. Finally, the
cosine similarity for reference against PPG and mmWave is 0.85
and 0.96, shows that the mmWave-based signal is more aligned
with the reference waveform.
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The AUC of normalized pulse wave in Fig. 8 shows a decreasing
trend with age for RF sensor modality. By ageing the reflected peak
shift closer to the systolic peak and it increases the amplitude of
systolic peak, but due to the normalization, this effect can not be
visible. Since the arterial pulse waveforms are normalized both
in amplitude and time, the more pronounced secondary peak in
younger group leads to more AUC values.

The PCA distributions reveal that the RF sensor morphology
clusters are distinctly separated by blood pressure groups. The vari-
ation in morphology is mostly caused by variation among different
test participants. This shows the potential of RF sensor for blood
pressure and arterial stiffness estimation.

PPG operates by detecting changes in blood volume, while the
mmWave radar is sensitive to the mechanical deformation of tis-
sues resulting from arterial pulsation. This fundamental difference
suggests that by combining the information obtained from both
PPG and mmWave sensors, it may be possible to gain a more com-
prehensive understanding of cardiovascular mechanics.

6 Conclusion

The study demonstrated the potential of the wearable device host-
ing a mmWave sensor to capture the arterial pulse wave with a
morphology similar to that obtained from the cuff-based reference.
In addition PPG demonstrated sufficient accuracy in tracking IBI,
enabling it’s use in continuous stress level monitoring. Among
the modalities, RF demonstrated the largest AUC shift with age,
indicating its potential for vascular ageing assessment.

Our results highlight that integrating both sensors into one wear-
able system allows the device to benefit from continuous, low-power
IBI tracking via PPG, while mmWave radar enables high-fidelity ar-
terial pulse waveform acquisition at selected intervals—something
not feasible using green PPG alone. This complementary behavior
strengthens the device’s overall capacity for cardiovascular health
assessment.

Limitations and Future Work

The current study’s conclusion is based on 23 test participants, it is
recommended that there be more variation in the test participants
and a better balance between categories like gender and health
conditions. The PPG signal was derived from the green channel,
which offers limited morphological accuracy; a multi-wavelength
approach could provide a more comprehensive evaluation. In ad-
dition, a more in-depth analysis of the mmWave-based waveform
morphology is to be conducted using advanced feature extraction.
Future research will establish a connection between the details
present in the mmWave signal and the mechanical properties of
the arteries, such as arterial stiffness. The system’s performance
under real-world, dynamic conditions will also be evaluated, and
future applications such as non-invasive blood pressure estimation
will be explored.
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