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Abstract

Assessment of arterial stiffness is important in the diagnosis and management
of cardiovascular diseases. A strong biomarker for arterial stiffness is pulse-wave
velocity (PWV) — the speed at which a heartbeat-induced pulse wave travels
through the large arteries. By measuring the pulse-transit time (PTT) — the
time delay between the arrival of the pulse wave — at two points on the arterial
pathway, PWYV can be estimated. PTT can be calculated from skin-displacement
signals, measured via laser Doppler vibrometry (LDV). This process requires
an accurate indication of heartbeat onsets, to be able to utilize the correct sig-
nal features or fiducial points that lead to PTT. Typically, electrocardiography
(ECG) is a reliable, parallel measurement to segment LDV signals. However,
common practice for LDV does not include ECG due to increased measurement



time and complexity, necessitating alternative means for identifying heartbeat
cycles from LDV signals. A proposed solution is a deep neural network (DNN)
which returns an ECG-proxy for each LDV signal, containing information on
the timing of the heartbeats. Heart-carotid PTT can then be calculated after
segmenting the signals based on the predicted heartbeat timing. This PTT was
additionally calculated via two other techniques i.e. a state-of-the-art template
matching algorithm and a reference technique in which PTT was calculated via
manual inspection of the data. The DNN was able to correctly predict the onset
of 68% and 77% of heartbeats present in the test and validation sets respectively.
When applied to unseen data of 100 subjects (45 female), it provided PTT values
for 64 subjects that correlated well with the reference (p = 0.71). In compar-
ison, a state-of-the-art knowledge-driven approach yielded a similar correlation
(p = 0.69) but was only able to return PTT values for 46 subjects. An ECG-
based ground truth method reached a correlation of p = 0.69 for 90 subjects.
Finally, the technique and rationale used for the DNN training demonstrates
potential for broader biomedical LDV applications beyond heart-carotid PTT.

Keywords: Heart-carotid pulse transit time, Laser Doppler vibrometry,
Electrocardiography, Deep learning, Template Matching

1 INTRODUCTION

The large arteries, particularly the aorta, play a crucial role in blood circulation [1].
Their structural properties enable the vessel wall to distend during cardiac contrac-
tion, storing elastic energy that is subsequently released during relaxation to maintain
blood flow after the pressure wave has passed [1-3]. This mechanism ensures a near-
continuous flow further along the arterial system, supporting constant organ perfusion.
However, this buffering or 'windkessel’ function deteriorates significantly when large
arteries stiffen due to arteriosclerosis, resulting in dysregulated blood pressure, altered
blood flow, and subsequent organ damage [4-7]. Understanding the shape and con-
tent of blood pressure and flow-related signals is essential for detecting and preventing
early vascular aging as well as other related cardiovascular diseases (CVD), as CVD
risk increases with an increase in large artery stiffness [5, 8, 9].

Common practice for the assessment of arterial stiffness is via the speed of the
pressure wave which travels through the arterial tree following heart contractions
[6, 10, 11]. This pulse-wave velocity (PWYV) increases with increased stiffness. By
measuring the distance dx between two measurement sites, and the time delay between
the arrival of the pressure wave at these sites (i.e., the pulse transit time — PTT), the
PWYV is obtained as:

dx
PTT (1)
Current state-of-the-art for measuring PWV is through applanation tonometry,
magnetic resonance or ultrasound applied to the carotid and femoral arteries [10,
12-15]. These methods, while reliable, have a number of challenges associated with
them: (i) they require specialized operator training, (ii) they are typically located

PWV =




at dedicated medical facilities or hospitals, (iii) they can be expensive to acquire
and (iv) there is a widely held consensus in the medical community that none of
the aforementioned diagnostic methods can effectively identify a significant portion
of at-risk individuals, both in primary care and secondary prevention settings [16].
Furthermore, individuals classified as low or moderate risk may remain undiagnosed.

As such, there is an interest in developing optimal diagnosis methods to institute
a timely preventative therapy among those that are currently considered to be at low
or moderate risk. Within the InSiDe consortium, we have been investigating laser-
Doppler vibrometry (LDV) as an alternative technology to address these challenges
[17-20]. LDV measures skin displacement at the location of large subcutaneous arteries
such as the carotid and the femoral. By differentiating the displacement signal twice,
skin acceleration is obtained. From these data, PTT can be estimated [21, 22]. It was
demonstrated that these PTT and their corresponding PWV values strongly correlate
with tonometry [23, 24].

The LDV prototype employed in this study was developed within the framework
of the H2020 CARDIS project (Grant Agreement ID: 644798). The system consists of
two handpieces (Figure 1), each equipped with six integrated laser beams operating
at a wavelength of 1550 nm. The beams are arranged with an inter-beam spacing
of 5 mm and are directed at the skin surface of the measurement site. To enhance
signal quality, retroreflective tape was applied to the skin, thereby ensuring sufficient
backscattered light for detection. A detailed technical description of the device has
been reported in several previous works [22, 25, 26].

Multiple arterial pathways can be employed for the estimation of PTT, which may
serve as additional biomarkers for the assessment of large artery stiffness and the risk
prediction of associated cardiovascular disease (CVD). Among these, the heart—carotid
pathway is of particular interest. In this case, PTT is calculated along a segment
extending from the aortic valve at the base of the heart, over the ascending aorta,
to the right common carotid artery [27, 28]. Our previous study has demonstrated
correlations between heart—carotid PTT and established predictors of arterial stiff-
ness, including chronological age and blood pressure. This was done for a clinical
cohort of 100 CVD patients [29]. Figure 1 illustrates the heart—carotid measurement
configuration and highlights the arterial segment under investigation.

In earlier investigations, heart—carotid PTT wvalues were estimated manually
through visual inspection of the recorded signals and using ECG to identify the onset
of systole [29]. Manual estimations require time and expertise, making them unsuited
for any potential LDV-procedures aimed at first-line medical practitioners. In contrast,
this study seeks to advance the development of automated approaches for heart—carotid
PTT estimation, thereby reducing reliance on manual interpretation and improving
the feasibility of clinical deployment. In the remainder of this manuscript, the term
pulse transit time (PTT) refers specifically to the heart—carotid PTT.

Manual PTT estimation formed the reference for evaluating automated estimation
methods. This manual approach required the simultaneous acquisition of ECG along-
side LDV recordings [29]. Proper segmentation allows for good PTT estimation. The
ECG traces allowed the LDV signals to be segmented into individual cardiac cycles



(epochs), thereby simplifying the identification and alignment of fiducial points nec-
essary for PTT calculation i.e. the carotid dicrotic notch and the onset of the second
heartsound, see Figure 2.

Although effective, the requirement of parallel ECG recordings introduces practi-
cal challenges: incorporating the placement of ECG electrodes complicates the LDV
measurement procedure, reduces ease-of-use for clinical staff, and increases the time
required for patient examinations. Consequently, ECG acquisition will not be included
in a commercially viable LDV-based medical device and is also not foreseen in future
versions of the prototype.

For LDV to evolve into a viable technology for arterial stiffness assessment, it must
nevertheless enable accurate and fully automated PTT estimation even in the absence
of the ECG trace. To this end, this work presents a proxy for ECG, leading to robust
LDV signal segmentation.

Alternative ECG-free approaches such as similarity-search or pattern-recognition
techniques, including template matching (TM) [30-32] and matrix profile analysis [33],
have been proposed. However, TM requires a predefined template, while matrix profiles
may incorrectly identify unrelated recurring waveforms. Additionally, these methods
are sensitive to signal quality, resulting in severe quality thresholds and consequent
drop-out of a significant number of subjects [33, 34]. These shortcomings highlight the
need for a robust approach capable of providing R-peak timing surrogates without par-
allel ECG acquisition or hand-crafted features and rigid analytical models associated
with classical signal processing.

We propose a deep neural network (DNN) designed to map LDV signals to a
proxy signal resembling ECG, thereby preserving cardiac gating information. Neu-
ral networks have been successfully applied to a broad range of biomedical signals,
including seismocardiography (SCG) [35, 36], electrocardiography (ECG) [37, 38], elec-
troencephalography (EEG) [39], magnetic resonance imaging (MRI) for aortic PWV
estimation [40], and photoplethysmography (PPG) for the improvement of signal qual-
ity and derivation of PWV [41-44], among others [45-48]. Previously, PWV has also
been directly estimated from cardiac risk factors using DNNs, but typically report
high error rates or low agreement with measured PWV [49, 50]. To date, however,
clinical LDV data have not been analyzed using neural networks.

To validate the proposed DNN-based automated PTT-estimation algorithm, we
additionally implement an ECG-dependent and a template-matching method as
benchmarks for the DNN-based approach. Because classical signal-processing methods
such as TM are outperformed by DNNs in combining temporal context and learning
non-linear relationships, we anticipate that (i) the DNN will provide a viable ECG
proxy for signal segmentation, enabling automated PTT estimation in the absence of
ECG; (ii) Following segmentation, calculated DNN-derived PTT values will correlate
at least as strongly with the manual reference as those obtained via TM; and (iii)
a larger fraction of subjects will yield reliable PTT estimates with the DNN-based
approach compared to TM.
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Fig. 1 Figure showing an example heart-carotid LDV measurement using the prototype handpieces.
The top panel contains skin acceleration signals with the first column containing 6 heart signals
(channel 1 = C1, etc.) and the second one the 6 carotid signals. Each handpiece contains 6 channels
for a higher probability of at least one channel containing useful signal quality. The bottom row shows
the ECG measured in parallel, to illustrate the rhythmic correspondence between ECG and LDV
signals. The bottom-left panel sketches the anatomy of the considered arterial pathway. The bottom-
right panel is a picture taken during the measurement, depicting the prototype as well as two ECG
electrodes.



2 METHODS

The carotid and heart handpieces have M = 6 channels each as in Figure 1. For any
handpiece, the LDV (discrete-time) acceleration signal at a channel m € {1,2,..., M}
is modeled as:

T (1) = sm(n) +vm(n), (2)
where s,,,(n) is the underlying physiological signal in channel m and v,,(n) is the noise
in that channel. The accompanying ECG signal is denoted as ECG(n). Index n refers
to the sample index with NV being the total signal length in samples.

2.1 Applied principle for PTT calculation

All PTT calculation methods based on LDV signals for a given measurement have the
same workflow:

1. Select the carotid and heart channels that will be used.

2. Partition each selected signal into separate heartbeats.

3. For each segment of every heart-carotid channel combination, combine fiducial
points corresponding to the same heartbeat to estimate the PTT for that channel
combination.

4. Calculate a final PTT value from all available PTT estimates by taking the median.

2.2 ECG based methods

First, an overview of the methods reliant on simultaneous ECG acquisition is provided.
These methods serve as references to benchmark the automated methods.

2.2.1 Manual PTT estimate (reference method)

Manual heart-carotid PTT estimation served as an ECG-dependent ground truth to
benchmark the automated PTT estimation algorithms. It was computed and evalu-
ated in a previous study [29]. First, the channel with the highest signal quality was
selected per handpiece based on visual inspection of the measurement data. Using the
timing provided by the R-waves in the ECG(n), the selected LDV signals were seg-
mented according to separate heartbeats or epochs. This simplified the search for and
combination of corresponding fiducial points in both carotid and heart LDV signals
for PTT estimation [29].

The physiological event underlying the relevant fiducial points in carotid and heart
LDV signals is the aortic valve closure (AC). This event is associated with a region
of elevated signal energy typically referred to as the second heartsound (S2). The
fiducial point in the heart signal is then taken as the first perturbation before the
minimum value during S2. The carotid fiducial point is taken as the second distinct
peak in the carotid epoch, a.k.a. the carotid dicrotic notch (DN). This signal feature
also corresponds to AC. a PTT estimate is then calculated from the time difference
between heart and carotid fiducial points, as illustrated in Figure 2.

Five cardiac cycles were processed per measurement into five PTT estimations.
These were selected based on their cross-correlation value with the average epoch of



the selected channel. The final manually determined PTT value was computed as the
median of the single-cycle estimates.
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Fig. 2 Example of an ECG-based heartbeat segmentation of a carotid and heart channel combination
(channel numbers 1 and 8). The top graph displays LDV-heart epochs of which one is highlighted.
The middle graph shows the same for the carotid site. Fiducial points that were used to identify the
timing of the closure of the aortic valve (AC) are indicated. PTT is calculated from a combination of
the indicated heart and carotid fiducial points. The bottom graph contains individual epochs of the
ECG(n) signal that was used for LDV-signal segmentation.

2.2.2 ECG-based segmentation for automated PTT estimation

To verify the usefulness of DNN-based segmentation it was compared to the best
possible segmentation information i.e. the heartbeat itself. Hence, as baseline, an
experiment was conducted wherein PTT values were calculated on data that was seg-
mented into separate heartbeats (or epochs) delineated by the I available R peaks in
ECG(n).

As intra-subject signal quality can vary significantly between channels of one hand-
piece, a criterion was designed to remove channels with poor signal quality [33]. First, a
signal-to-noise-ratio (SNR) estimate was computed as follows. The input signal power
at channel m was obtained as:

Pz,m = ngn(n) ) (3)

which represents the joint power of the target signal and noise. A median-filtered
version of the input signal was next computed using a (non-causal) window of 5



samples:

Zm(n) = median(z,,(n — 2),zn(n — 1), z,(n),zn(n + 1), 2,00 + 2)) (4)

Noise was then approximated as v,,(n) = ,,(n) — 25, (n) and its power was estimated:

Pym = ZU?n(n) (5)
Thereby, the SNR was estimated as:

me Psm
5 71: 5

NR,, = 6
N = T T P )

SNR,,, was calculated for all m channels per handpiece. Channels whose SNR,,, devi-
ated from the maximum value SNR,,, value by more than one standard deviation were
excluded from the analysis. The remaining carotid and heart channels were combined
pair-wise for PTT estimation.

Every channel combination has segments corresponding to the I epochs in the
ECG. While PTT was calculated on the same fiducial points as the reference (manual)
PTT method, as in Figure 2, the key difference however was that the fiducial point
detection was done in an automated manner. The carotid dicrotic notch was identified
by taking the point of maximum acceleration within a window of 300 to 550 ms in
the epochs of the selected carotid channel. The fiducial point corresponding to the
aortic valve closure in the heart epochs was taken as the first peak before the absolute
minimum within a window of 250 to 500 ms in heart channel epochs. The values
of these windows were set based on the time between closure of the mitral valve
(corresponding to the timepoint of the associated R-peak in ECG) and the closure of
the aortic valve. This varies between 250-300 ms for healthy individuals, but can be
elongated due to aging or disease [51, 52].

Assuming there are a total of J combinations of LDV segments yielding a plausible
PTT value, PTT; were then calculated for each valid beat. Only PTT values within
a physiological range (5 ms to 60 ms) were considered valid, and the median of these
values was used as the representative PTT for the recording, as in (7):

PTT = median(PTT), (7)

with PTT = [PTTy, PTTs, ..., PTT,]".

The final PTT was rejected if the total number of PTT estimates J was smaller
than or equal to an empirically determined threshold of 15. This threshold was applied
independently of the signal duration and served to filter out recordings with extremely
poor signal quality. In such cases, the limited number of PTT estimates typically arose
from the erroneous combination of random, noise-dominated waveforms rather than
from the detection of physiologically meaningful features.

This method requires the additional ECG set-up which, as mentioned previously,
is not foreseen for the clinical usage of LDV. Nevertheless, it serves as an upper
performance bound for automated PTT estimation.



2.3 ECG-free methods

2.3.1 Template matching-based segmentation for automated PTT
estimation

Without the ECG trace to identify heartbeat onsets and segment accordingly, the
identification of required fiducial points is more challenging. One potential solution is
a similarity-search algorithm based on template matching [33, 34].

The exact same signal-quality criterion as described in section 2.2.2, was applied to
drop poor-quality channels. The remaining channels were assumed to be of sufficient
quality and suited for template matching.

A template for the foot-of-the-wave waveform in carotid LDV acceleration signals
was constructed as outlined in [33]. This waveform corresponds with a large peak
in the acceleration signal, indicating the arrival of a pulse wave. For one heartbeat,
two peaks are typically observed. The first one is referred to as the foot of the wave,
while the second one corresponds to the dicrotic notch. The constructed template was
cross-correlated with a sliding window on each considered carotid channel of the heart-
carotid channel combination. A heartbeat onset was assumed when the normalized
cross-correlation exceeded an empirically set threshold derived during a previous study
(33])-

For every detected beat, fiducial points corresponding to aortic valve closure were
searched for in physiologically relevant windows. For the carotid DN, this window
spanned between 250 and 500 ms after the detected heartbeat onset. The fiducial point
in the heart signal, corresponding to aortic valve closure, lay within a window of 200
to 450 ms after the onset of the heartbeat. Similar to section 2.2.2, these windows were
set with physiological cardiac timing and the construction of the template in mind.
Indices at which template matching detects a beat are situated up to 50 ms later in
time than the corresponding R-peaks [33].

In this way, both heart and carotid fiducial points depended on the template match-
ing at the carotid level. The construction and application of a heart-signal template
was deemed unsuitable due to the observed inter-subject variability in the heart-signal
morphology. The carotid dicrotic notch was found as the maximum value in the carotid
window. The aortic valve closure timing in the heart signal was taken as the first peak
to the left of the minimum value in its respective window.

To ensure the quality of the resulting PTT values, a criterion was set on the
variability in fiducial point timing. The method flagged the data as unreliable if either
the timepoints at which the carotid DN was found, or the timepoints for the heart
fiducial points had a standard deviation exceeding 60 ms. In these cases, the channel
combination was dropped.

The final PTT values were calculated in the same way as in (7), employing the
same criterion on the minimally accepted number of total PTT estimations made for
a given measurement.

2.3.2 Data-Driven PTT Approach via DNN

Segmentation using ECG is beneficial. We want to realise this in the absence of the
ECG signal. A DNN is used to generate a proxy for the ECG, based on the LDV signals.



This DNN was trained using z-normalized 4-second carotid LDV-signal segments as
input. Each carotid channel m was segmented into K 4-second segments with 50%
overlap. This returned e.g. for a signal of length 20 seconds, K = 9 overlapping
segments. For every such LDV segment, the model provided an equally long output
signal EA;I (1) of 4 seconds, with k the segment index. The individual output signals

E' (n) were then concatenated using windowed overlap-add with perfect reconstruction
condition [53], resulting in a model prediction E’ (n) for carotid channel m.

The target signal to train the DNN had to be a signal from which segmentation of
LDV signals into heartbeats was feasible. For our application, only the timing of R-
peaks was needed, while ECG contains many more features that are not relevant for
this work. Furthermore, the raw ECG signal, while rich in information, was deemed too
complex to accurately predict with the available data. Hence, a transformation aimed
at reducing complexity while conserving cardiac timing information was engineered
first.

ECG-prozxzy as learning target

First, the ECG trace is replaced by a pulse train formed by Kronecker’s delta functions
at the location of the original R-peaks. Denote this as:

ECG/(n) = Z S(n—pi), (8)

where p; is the sample-index of the ¢ — th R-peak. This does not yet suffice, however,
as this pulse train is too sparse, which is not optimal for model training with the mean
squared error (MSE) loss function.

Subsequently, this simplified ECG trace is convolved with a Gaussian filter, to
yield the target signal E’(n):

E'(n) = ECG(n) x g(n) = Zg(n —Di), (9)

where g(n) is the Gaussian filter:

= (). (10)

n)= €
g(n) oy

o is the width of the kernel and a hyperparameter of this method. It was empirically
set at 0 = 75 samples. For an example segment &, the transformed signal is contrasted
with the original trace in Figure 3.

For the model training, the mean-squared error (MSE) is calculated as:

MSE = < S (B () — B () ()

n

10



The target signal E’(n) contained in segment k is denoted as Ej,(n). The model-output
for segment k of channel m is E‘;n x(n). N is the length of the 4-second segment at
index k of channel m. Because of a 1 kHz sampling rate, N = 4000 samples.

3 — raw ECG
—— ECG transform

Amplitude
(=

] 500 1000 1500 2000 2500 3000 3500 4000
Sample index

Fig. 3 Example of the transformation from raw ECG (ECG(n)) to the desired target signal (E’(n)),
preserving the key timing features. This is illustrated for a randomly picked LDV segment. Data are
z-normalized. o = 75 samples.

DNN Structure and Training

We use a U-Net architecture for the proposed DNN. These architectures are widely
used in biomedical image processing and have demonstrated their capacity for multi-
scale feature extraction, end-to-end learning, and strong generalization from limited
datasets [54]. A notable adaptation of U-Net to the one-dimensional time domain is
Wave-U-Net , which leverages end-to-end learning to compute and combine features
across different time scales for audio source separation.

We build upon the Wave-U-Net [55]. Our network has four convolutional layers in
the encoder- and decoder blocks, and an added transformer layer in the bottleneck
[56] for context-aware self attention. Each one-dimensional convolutional layer in the
encoder and decoder is followed by batch normalization and a rectified linear unit
(ReLU) activation function. Addition-based skip connections are employed to preserve
feature continuity across scales. This architecture (Figure 4) is designed to retain both
short- and long-term temporal dependencies, facilitating the learning of complex non-
linear mappings between input and target signals. The model comprises approximately
25k learnable parameters.

During model training, the loss computed on the validation dataset was monitored
to determine the optimal stopping point. Specifically, early stopping was applied by
selecting the model configuration corresponding to the training epoch at which the
validation loss ceased to improve for the following 50 epochs. The model was trained
using the Adam optimizer with default hyperparameters, and the learning rate was
fixed at 0.0001.

11
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Fig. 4 Architecture of our DNN: each blue box represents a feature map with a number of channels
equal to the number displayed on top of it. The 1D-data dimension is noted at the bottom of the
relevant boxes. Arrows and notations corresponding to different operations are listed. k, s and p refer
to kernel size, stride and padding respectively.

A cyclical batch size strategy was employed to the potential benefit for regulariza-
tion and convergence [57]. The cycle length was set at 10 epochs, the minimum batch
size at 2 and the maximum batch size at 64. The batch size followed a sinusoidal
function.

In addition to the validation loss, model performance was assessed using an auxil-
iary metric, the R-peak score Qr, calculated on each combination of 4-second model
output segment E;n (1) and its corresponding target signal Ej (n). This is the ratio of

the number (f ) of R peaks detected in the output signal to the true number of R peaks
(I) in the segment. A detected R-peak in the model output was considered correct if
it occurred within a 30 ms window centered around the corresponding ground-truth
R-peak: .
1
Qn =7
To illustrate this, an example segment k for input, target and model output is pre-
sented in Figure 5. Peaks are found via simple peak-finding that has the criteria of a
minimum amplitude A,,;, = 1 (all data is z-normalized) and with the additional con-
straint that the peaks should be separated by at least 500 ms to avoid detecting peaks
in regions where an R-peak is physiologically improbable. A,,,;, was found empirically.
The 500 ms threshold restricts the method to subjects with a heart rate below 120
bpm, a criterion met by all participants in this study (see Table 1). Since LDV mea-
surements are conducted at or near resting heart rates, the potential adverse impact
of this threshold is minimal.

(12)

12



It should be noted that the example in Figure 5 was unseen data, and completely
independent of the training set. For this specific segment, Qr = 100%. To monitor
model performance throughout training, the mean Qg was computed across all input
datapoints in both the training and validation sets at each epoch.

Input Signal
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Amplitude
A e om

1
&

o 500 1000 1500 2000 2500 3000 300 4000
Sample Index

Target Signal

Amplitude

[1] 500 1000 1500 2000 2500 3000 3500 4000
Sample Index

Model Output Signal
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o 500 1000 1500 2000 2500 3000 3500 4000
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Fig. 5 Example of model prediction on segment k of unseen LDV data from a single channel m.
The top graph shows the carotid-LDV segment that serves as model input. Its corresponding Ej (n)
segment is displayed in the middle graph, and serves as target signal for this datapoint. The model
prediction E;ﬂ ’ (1), is shown in the bottom plot. The vertical dotted lines indicate the tolerance
window around target-signal peaks wherein output-signal peaks can lie for the prediction to be
considered acceptable. Qg in this case is 100%.

Application to PTT calculation

The DNN-based ECG-proxy estimate £/, (n) is used to segment the LDV-signal ,, (1)
into separate heartbeats or epochs. In order to get to a PTT estimate, additional
steps are required: starting from the M = 6 heart and carotid LDV channels for a
given measurement, first a check on individual channel signal quality was implemented
using SNR-based estimations. For the heart signals, SNR was calculated as detailed
in Section 2.2.2.

Carotid SNR was calculated differently. The DNN was used to generate predictions
E! (n) for all M = 6 carotid channels. The peak finding was applied to E/ (n) with
the same contraints as previous. For every detected peak ¢ in E,’n(n) at sample index

13



n = py*, an individual, bounded, SNR-based metric ,, ; € [0, 1] is calculated as follows:

N Pm
SNR . (13)

Gmi = SNR+1 - Pr 4Py

where P is now computed from E! (n) within a window spanning —2¢ to +20
centered around p". o comes from the definition of g(n), where a window of 4o
centered on the peak of the predicted Gaussian waveform should contain the predicted
model output signal content if the model is correct. If the P! is low, it highlights a

S
poor prediction.

pi'+20

Pr= % ERn) (14)

n=p;*—20

Cm.i was calculated on a segment of £/, (n) around 7", as in (13) — (15).

The signal plus noise component Py + P, is approximated as the energy of E'(n)
within a window between the previous and next peak locations. Specifically, denoting
by di* = pi, — p;* the distance, in samples, between the current and next successive
peak and analogously defining d;,_; = p;* — p;* ;, we define:

P+ G
Pr+Pr = > ER(n) (15)

d:
~ i—1
n=p’ +—3

Note that due to heart rate variability, typically d;”; # d}*. This process is visualized
in Figure 6 for an example carotid signal of 20 seconds.

An average (,, is then calculated for each carotid channel: { = [Cl, (O CM]T
1
Cm = ;Zcm,i (16)

Where I denotes the number of detected heartbeat-related peaks within the con-
sidered segment of the model output. Specifically, Iis computed over the entire length
of signal E/ (n). For instance, in panel B of Figure 6, we observe I = 23.

For both the heart and carotid side, only channels with a (,, within one standard
deviation of the maximum (,, were considered for further analysis because in those
cases it can be reasonably expected that the model provided a relatively good predic-
tion compared between the channels m. Only the E/, (n) of the carotid channel with
the maximum (,,, was used for the segmentation of heart and carotid channels into
epochs. It was empirically found that only the peaks with a (,,; > 0.4 in this chan-
nel were suitable for further processing. All included heart and carotid channels were
segmented into individual epochs based on these detected peaks. Each heart channel
was iteratively combined with each carotid channel.

At this point, the DNN-based pseudo-ECG prediction allowed us to detect heart-
beat onsets, followed by carotid and heart signal segmentation. The next step towards
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PTT calculation was designed to be similar to that described in section 2.3.1 for
the template-matching method. Briefly, fiducial points had to be identified in the
segmented epochs within physiologically sound windows. The signal features corre-
sponding to the fiducial points are the same for this method, previously exemplified
in Figure 2.

Taking the tolerance window for calculating Qg into account (£30ms), slightly
wider windows were used for this method as compared with those used for the template
matching. This is because the model prediction is inherently less accurate as the ECG
ground-truth. The fiducial points and window values are the same as for the ECG-
dependent baseline method, outlined in section 2.2.2. The above steps are illustrated
for one measurement in Figure 7. Pulse transit time (PTT) is subsequently estimated
as described in Sections 2.2.2 and 2.3.1, by pairing fiducial points from the carotid
(dicrotic notch) and cardiac (first inflection related to the second heart sound) signals
that correspond to the same heartbeat and yield a physiologically plausible value.

A final difference between this method and the TM-based approach is the accep-
tance criterion for the final PTT. Here, if J is the total number of PTT estimates,
the final PTT estimate is rejected if J < vV, where N is the total sample length of
the measured LDV signals. The threshold factor v was set to 0.0025 (corresponding
roughly to 50 PTT estimates over a 20-second segment. This threshold was chosen
to be consistent with previous work with this LDV prototype, where this criterion
yielded reliable results [23].

2.4 Experiments

Two separate databases were used (demographic data reported in Table 1). The first
dataset, referred to as the CARDIS database, was collected as part of the CARDIS
project [23]. CARDIS data were only used for the training, validation and testing
datasets regarding the DNN-based method. It comprises data from 100 hyperten-
sive subjects (age range: 23-73 years, 50% female). For each subject, three 20-second
recordings were acquired under two measurement configurations: carotid—carotid (i.e.,
both laser Doppler vibrometry (LDV) handpieces mounted vertically and directed at
the carotid artery) and carotid—femoral. This resulted in a total of 600 measurements,
each containing six carotid signals, yielding a total of 3600 20-second carotid signals.

For this database, an expert previously visually scored all carotid signals on a 5-
point scale ranging from 1 (very bad) to 5 (very good) [33]. 67 subjects had at least
one measurement with at least one qualitative carotid channel (score 4 or 5) that could
be included in the DNN training and evaluation process. Other data was discarded
for the purpose of this study.

All signals of higher signal quality (visually scored 4 or 5 on the 5-pointer scale
outlined in previous work [33]) were selected and segmented into K = 9 50% overlap-
ping segments of 4 seconds. The data pool was consequently split into 70 — 15 — 15
percent subsets for training, validation and test sets respectively.

Data leakage was strictly avoided by ensuring data from a subject were not simulta-
neously present in the training and the test/validation datasets. This protocol yielded
6055 4-second segments for the training set, 1431 segments for the validation set and
1432 segments for the test set. The training data was provided by 45 subjects. The
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validation and testing data together entailed 22 subjects. Each segment had a cor-
responding reference ECG trace (ECG(n)), measured in parallel. These ECG traces
served to generate the training targets as detailed in Section 2.3.2.

The second database (INSIDE) was generated during the H2020 InSiDe project
(Grant agreement ID: 871547). This database was used to evaluate the PTT estimation
methods, both ECG-based and ECG-free (template matching, DNN-based). Of impor-
tance for this work: 100 patients (age range: 18-81 years, 45% female) were included,
each of whom had 3 heart-carotid measurements of varying lengths taken (with signal
lengths of 10-60 seconds based on a minimum number of qualitative beats criterium
[34]). One handpiece was pointed at the right common carotid artery, with the other
pointed at the base of the heart i.e. the second right intercostal space, depicted in
Figure 1.

PTT values for these data were previously estimated by manual segmentation
based on ECG(n), followed by a manual combination of fiducial points. This served
as the reference for the benchmarking. The proposed heart-carotid PTT estimation
method, using the DNN-based segmentation and SNR metrics, was assessed using this
database. The previously proposed template-matching (TM) based method and auto-
mated ECG-based PTT estimation method were similarly evaluated on this database
(see section 2.3.1 and 2.2.2 respectively).

For the DNN design, the INSIDE database was not called on during model training,
validation and testing. Thus, it is completely unseen data. The skin acceleration data
used across the two databases was resampled to a 1kHz sampling rate.

PTT estimates were computed for each individual LDV measurement in the
INSIDE database that met the signal quality criteria, using ECG-based, template-
matching based, and DNN-based methods. The resulting PTT arrays were individually
correlated with the manual reference measurements to assess agreement. In addition,
Bland—Altman analyses were performed to evaluate the level of concordance between
each automated method and the manual reference. Statistical significance of the pair-
wise differences among the three automated methods was assessed using Wilcoxon
signed-rank tests.

The CARDIS study was approved by the National Ethics Committee and the
French National Drug Agency (ANSM) on 26.02.2018, Clinicaltrial.gov number:
NCT03446430. The INSIDE study was approved by the National Ethics Commit-
tee and the French National Drug Agency (ANSM) on 28.11.2022, Clinicaltrial.gov
number: NCT05711693. All methods were carried out in accordance with relevant
guidelines and regulations. The authors have confirmed that any identifiable partici-
pants in this study have given their consent for publication. Informed consent of all
participants in both studies was obtained. The datasets generated and/or analyzed
during the current study are not publicly available due data management regulation
of the InSiDe project but are available from the corresponding author on reasonable
request.
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InSiDe (N=100)

Used for benchmarking the proposed methods (unseen data)

Variable Mean + SD Range
Age (years) 48 + 17 (18, 81]

Sex (male %) 55 /

BMI (kg/m2) W65 [17.24, 39.82]
Systolic BP (mmHg) 130 £ 20 88, 219
Diastolic BP (mmHg) 79 £ 15 49, 136

Resting heart rate (bpm) 62 £ 11.33 (42, 97]

CARDIS (N=100)

used for DNN model training, validation and testing

Variable Mean + SD Range
Age (years) 43 + 19 (19, 85]
Sex (male %) 50 /
BMI (kg/m?) 23 £ 36 [17.63, 31.6]
Systolic BP (mmHg) 118 + 14.7 [96, 183]
Diastolic BP (mmHg) 64.5 + 9.2 45, 99
Resting heart rate (bpm) 64 + 8 44, 89

Table 1 Population statistics for both LDV databases. SD
refers to standard deviation.
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Fig. 6 Panel A: Example LDV carotid skin-acceleration signal contained in channel m of a mea-
surement. Panel B: the model prediction EZ,(n) for the example signal. The ground truth E’(n)
is displayed for reference in gray in the background. Panel C: An illustrative segment of EALn (n) is
shown in which the detected beats are indicated. The individual peak SNR values (y,,; for the I=23
detected peaks are displayed, together with the boundaries within which the signal power Ps (vertical
dashed line) and signal plus noise power Ps + P, (full vertical lines) are calculated. The gray graph
is the corresponding E’(n). This is shown to demonstrate that the ranges are selected appropriately.
The two smaller peaks indicated with 'o’ were excluded from the analysis based on the set criteria
on amplitude and proximity to other peaks in time.
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Fig. 7 Illustration of an example heart-carotid channel combination. Both channels were split into
epochs according to the detected peaks in the preferred E/, (n) (channel with highest ¢y ). The epoch-
wise representation is given in the bottom plot. Carotid (top) and heart (middle) epochs are drawn
together with the window limits between which the desired fiducial points are searched. Detected
fiducial points are indicated with ’x’.
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3 RESULTS

3.1 DNN validation

The performance of the DNN was first investigated through evaluation of the Qg
metric on every 4-second signal present in the validation and test sets. From visual
inspection of the data, it was observed that signal quality varied, even between the
selected higher-quality segments for the training, testing and validation sets [33]. There
was also the presence of motion artifacts, potentially obscuring underlying heartbeat-
related waveforms required by the DNN for an accurate prediction.

For the validation set, QRS detection scores had a median of 80% with an interquar-
tile range (IQR) of 60-100%, and a mean of 77% with a 95% confidence interval (CI)
of 75-78%. For the test set, the median score was 75% (IQR: 50-100%), with a mean
of 69% (95% CI: 67-71%). This is visualized in Figure 8. The ratio of the total number
of correctly detected beats in the model output and the total number of peaks in the
target signals of the validation set was 77%. The same ratio for the test set was 68%.

The temporal distances between the timepoints of the predicted peaks in the model
output and their corresponding reference peaks in the target signals were calculated
for the validation and test set, resulting in the following statistics: In the validation
set, the mean distance was 4.09 samples (95% CI: 3.71-4.47), with a median of 5.0
samples and an IQR spanning from —5.0 to 14.0 samples. The test set exhibited a
mean distance of 6.22 samples (95% CI: 5.79-6.65), with a median of 7.0 samples and
an IQR of 4.0 to 17.0 samples.

3.2 PTT estimation method performances

Following heartbeat onset detection using the DNN-based approach, the performance
of PTT estimation was evaluated. Comparative results between the automated PTT
methods and the manual reference are presented in Figure 9.

Panel A shows the results when the automated PTT algorithm using ground-truth
ECG(n) for signal segmentation is utilized. A total of 201 datapoints stemming from
90 subjects are represented. Of the initial 300 data points, 12 were excluded due
to measurement-procedure errors. These 12 datapoints were excluded for the analy-
ses presented in panel B and C as well. An additional 87 were discarded owing to
insufficient signal quality, which compromised fiducial point identification and PTT
estimation. The correlation coefficient with the ground truth (manual PTT values) is
p = 0.69, p < 0.001

Panel B shows the results for the template-matching based PTT method. Out of the
100 subjects included in the INSIDE study, for 46 subjects the method yielded a final
PTT estimate from at least one of the three heart-carotid LDV measurements. In total,
78 measurements had a final result, as seen on the panel. Excluded from this analysis
were 210 measurements due to the strict signal-quality criteria described in section
2.3.1. The correlation coefficient between the manual PTT and their corresponding
automated PTT values is p = 0.69, p < 0.001.
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Fig. 8 Top panel: Training and validation as a function of training epochs. The training epoch at
which the training process reached minimum MSE loss is indicated (training epoch 121). Bottom
panel: R-peak score evolution during the DNN training for both training and validation sets.

Panel C in Figure 9 shows the datapoints of measurements with a final PTT value
via the DNN-based method. These are plotted against and correlated with their cor-
responding manual PTT estimates. A total of 127 datapoints belonging to 64 INSIDE
subjects were displayed. The signal-quality criteria built into the DNN-based method
removed 161 measurements. A correlation coefficient of p = 0.71, p < 0.001 was found.

The Wilcoxon signed-rank test was employed to evaluate pairwise differences
between automated PTT estimation methods. No statistically significant difference
was observed between the ECG-based and TM-based approaches (n = 62, W = 338.5,
p = 0.64; where W and n denote the Wilcoxon test statistic and number of paired
observations respectively). Comparable results were obtained for the comparison
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between ECG-based and DNN-based methods (n = 110, W = 1262.5, p = 0.2965), as
well as between TM-based and DNN-based methods (n = 66, W = 308, p = 0.11).

Bland—Altman analyses were conducted to evaluate the agreement between each
of the three automated PTT estimation methods and the manual reference. These
analyses complement the correlation results and are presented in Figure 10.
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“ 4 :

50

s g ° ° o
2 oy
Ea0 o8t
L] ..'
t : ° .ua e .:
o ° .' oo 0.’ e (oo
f_:U 30 -° ? ¢ ..é.o. °
g NETY > ol N
= 5 A i Lt L s
I AR
10 4‘ L] L]
: N, =90
. S
0 10 20 30 40 50 60
Automated PTT (ms)
60 ECG-free TM-based method: 60 ECG-free DNN-based method:
®*  p=0.69, p<0.001 ®  p=0.71,p<0.001
B i C k
50 50
L] LN J
o
= J = °o o
€ a2 P 3 PAS € a0 L ° ;:
~ ° ° o ~ °
E N S XA E o) ardpa.
o ° - Fad o % ':!‘.o °
- 30 §°° — 30 ® t Shdhad
g ° o og00 g o °8&9 o
(=4 “o". - (= u": ! o % o
o o o000 L} .. o o
= 20 L a4 : = 20 L :o ry
.. -‘o °
L] L] L] o o L]
10 fe . 10 °° ° e
L] — —
N. = 46 N, = 64
0 S 0 S
0 10 20 30 40 50 60 0 10 20

30 40
Automated PTT (ms)

50 60

Automated PTT (ms)

Fig. 9 Results comparing automated PTT estimates with manual PTT estimates. Panel A dis-
plays the ECG-based automated PTT estimates. Panel B shows template matching based, ECG-free
automated PTT values and panel C shows those obtained using the ECG-free DNN-based E’(n)
for segmentation. Correlation coefficients and corresponding p-values are indicated. Ng refers to the

total number of unique subjects for whom a final PTT estimate was obtained by the corresponding
methods.
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4 DISCUSSION
4.1 DNN-model validation for heartbeat onset prediction

The U-net inspired configuration was scaled in accordance with the prevalence of
available training data. At 25k trainable parameters, the model is relatively small
compared to e.g. the original Wave-U-Net model [55]. We did not observe overfitting
i.e. the model training was halted before the observed validation loss (see Figure 8)
increased in value after reaching its minimum.

Carotid signals were chosen as inputs to the model, instead of the heart-signals
measured at the chest. Carotid LDV signals were better understood as the bulk of our
earlier work investigated carotid-femoral measurements [22-24, 33]. Thus, selection of
good quality data was deemed most feasible at the carotid site for this study.

The carotid signals also seemed to be more consistent in quality, demonstrating
less pronounced effects on signal content from altered physiology due to cardiovascular
disease. The signal-quality scores previously obtained per measured signal for the
carotid signals in the CARDIS database allowed for selection of good to very good
quality data [33], making the training, testing and validation data representative for
the type of qualitative data that future applications of improved LDV-prototypes
should provide.

Our application only required the detection of the onset of heartbeats in order to
find fiducial points. R-waves in the ECG(n) are critical for this and should be reliably
predicted by the DNN for future LDV applications without the inclusion of ECG
traces for experimental purposes. Therefore, a target signal containing information
only on the timing of these R-waves is sufficient and simplifies the relation to be learnt
between input and target signals.

Additionally, The conversion of raw ECG signals into a series of Gaussian pulses,
denoted as E’(n) , proved beneficial for model performance. This transformation
enabled training of the DNN using the straightforward and widely adopted mean
squared error (MSE) loss function, which would be less effective with the sparse sig-
nal morphology characteristic of ECG(n). The Gaussian filter parameter o = 75 was
empirically determined to offer a favorable trade-off between temporal precision and
signal smoothness.

The R-peak score Qg counts a correctly detected R-peak location in the model
output E’ (n) if it corresponds to an R-peak in the corresponding peak in the target
signal E’(n) within a 60 ms window centered on that R-peak. The validity of the Qg
metric is underscored by visual inspection of Figure 8, where the minimum value of the
validation loss during training clearly corresponds to a maximum mean Qg. A mean
Qg value of 69.1-76.8% and absolute heartbeat detection rates of 68.3-77.1% for unseen
data (validation and test sets) indicates that our model performs reasonably well in
detecting heartbeat onsets. We come to this conclusion considering the sensitivity of
LDV data to motion artifacts.

We observed that the majority of the accepted R-peak locations in E’(n) do not
perfectly coincide with the ground-truth peaks. On average, the model places a pre-
dicted heartbeat-onset peak slightly later than its reference. The reason why we accept
these timeshifts (maximum of 30 ms before or after the ground-truth peak) is because
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of the windowing in the later stages of PTT-estimation processing. The set windows, to
locate the desired fiducial points, are wide enough to account for this margin of error.
These windows also take into account the inter-subject variability in time between fea-
tures such as the carotid foot of the wave and the dicrotic notch (the first and second
peaks respectively in the signal in the middle plot of Figure 2).

It is important to note that a reliable PTT estimate does not require exhaustive
processing of every single beat in a given measurement. Final DNN-based PTT esti-
mates were accepted if e.g. for a Ty = 20 s signal, at least J = 50 PTT estimates
were made across all considered channel combinations. Even if only M = 3 carotid
and M = 3 heart channels pass their respective SNR criteria, this results in 9 channel
combinations. Assuming a heart rhythm of 60 bpm (a realistic lower bound), with 20
beats in the T; measurement. Taking the lower absolute heartbeat detection rate of
68.3% on DNN output, this would mean that 13 of the 20 heartbeats in the signal
are detected. This leads to 9 x 13 = 117 total beat-pairs considered for PTT cal-
culation, which passes the constraint of at least 50 PTT estimates, given the signal
length, implying that the DNN-based method can return reliable PTT values based
on a smaller subset of the available data from one LDV measurement.

4.2 TM- vs DNN-Based PTT Estimation

As shown in panel A of Figure 9, segmentation based on the raw ECG signal yields
acceptable PTT estimates for the majority of subjects. This approach would be the
most inclusive, assuming ECG could be readily acquired alongside LDV. However,
such integration is unlikely in any future commercially viable LDV systems designed
for non-invasive cardiovascular monitoring.

Outliers are evident across all three methods, as illustrated in Figure 10, despite
minimal bias (i.e., low mean difference values) between automated and manual esti-
mates. The limits of agreement are comparably wide across methods. Although minor
differences in correlation coefficients are observed, the Wilcoxon signed-rank tests
indicate that differences between the methods are not statistically significant. There-
fore, the primary consideration when selecting between the TM-based and DNN-based
approaches is their relative inclusivity, specifically the number of subjects for whom a
reliable PTT estimate can be obtained.

The TM-based method applied stringent signal-quality criteria to ensure reliable
PTT estimation. While these safeguards improved result fidelity, they also led to the
exclusion of a substantial number of measurements, ultimately yielding valid results
for only 46 subjects, highlighting a key limitation of this approach.

The DNN-based method employed comparable quality thresholds for both input
signals and model output. Under these conditions, it produced valid PTT estimates
for 64 subjects. This outcome suggests that the DNN approach demonstrates good
agreement with the reference method and, importantly, offers greater inclusivity. Its
broader applicability in practical settings, particularly where signal quality may vary,
is a notable advantage.

The discrepancy in subject inclusion between the TM-based and DNN-based PTT
estimation methods is not because of more measurement exclusion in TM. It can
be partially explained by the example shown in Figure 11. This figure presents a
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segment of carotid LDV data characterized by low signal quality—specifically, dimin-
ished signal-to-noise ratio and physiologically relevant peaks that are less distinct
and morphologically atypical. In this instance, the TM algorithm identified matches
and attempted to detect the carotid foot, but failed to correctly localize the wave-
form features. In contrast, the DNN-generated £’ (n) for the same segment, while not
flawless, placed peaks in reasonable temporal proximity to the automatically detected
ECG R-peaks. This example reflects a broader trend observed across the dataset:
the TM method is more vulnerable to signal degradation, whereas the DNN demon-
strates greater resilience, underscoring the advantage of data-driven representations
in handling variable signal quality.
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Fig. 11 An example of a low-quality carotid signal (blue) and its corresponding ECG (black, second
panel). Indicated in black on the first panel are the waveforms in the LDV signal that were identified
by template matching. The detected waveforms do not correspond with actual heartbeats here. DNN
output is shown in red, in which detected peaks are marked. These peaks do correspond with heartbeat
onsets as can be seen from the R peaks in the ECG signal, leading to an acceptable PTT estimate.
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4.3 Future Applications

All measurements in both CARDIS and InSiDe studies were conducted using the
CARDIS prototype. This device has a few drawbacks. Namely, it requires the applica-
tion of retroreflective tape on the measurement site to ensure ample reflection of the
incident laser beams. This requirement likely influences the signal content and quality,
and can only be addressed through hardware improvements that eliminate the need
for surface preparation. Within the scope of the InSiDe project, a next-generation
LDV prototype is under development to overcome this constraint and thereby poten-
tially improve measurement signal quality. With this, the DNN could be expanded
with larger, more qualitative LDV databases to be more accurate and representative.

Other project objectives for InSiDe are the development of algorithms for esti-
mating carotid-femoral pulse-wave velocity, investigating carotid stenosis and cardiac
arrythmia [25, 26, 58]. For the latter especially, but not exclusively, the DNN could
prove useful as its output contains information on the heartbeat onset timing within a
given measurement. One could generalize the potential use of the DNN to any cardiac
application of LDV, potentially even for non-carotid signals (given a retraining of the
DNN on e.g. heart or femoral artery LDV measurements).

4.4 Remaining Challenges

Given the relative niche application of LDV within the current state of the art and
especially the paucity of other studies investigating heart-carotid PTT, there is little
literature to compare the results of this work to.

5 CONCLUSION

A DNN was trained for the purpose of heartbeat onset prediction in LDV signals mea-
sured at the carotid artery. The model training was done by way of a transformation
applied to raw ECG signals that were measured in parallel with the LDV signals. This
transformation consisted of Gaussian pulses at the location of the ECG R peaks, con-
serving only information of their timing and facilitating a simplified MSE loss-function
application. Leveraging the DNN’s output, signal segmentation becomes feasible even
in the absence of ground-truth ECG, which will be absent from future medical LDV
implementations. From the segmented heartbeats, fiducial points were identified which
led to heart-carotid PTT values. This DNN-based method lead to heart-carotid PTT
estimates which showed comparable correlation with reference PTT values to those
obtained via TM-based and ECG-dependent methods. The DNN method, however,
yielded results for significantly more subjects than TM. We conclude that the DNN
method provides added value in the form of a proxy for the ECG, leading to robust
heartbeat segmentation in the absence of a measured ECG signal.
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