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Abstract

This study evaluates the feasibility of morphological feature-based contactless blood pres-
sure (BP) estimation using remote photoplethysmography (rPPG). A total of 52 morphologi-
cal features are extracted from each cardiac cycle of rPPG and its first and second derivatives
and arranges as temporal sequences for a long short-term memory (LSTM)-based model. In
a calibration-based evaluation on a 16-subject public dataset, the 52-feature model achieved
mean absolute errors (MAEs) of 11.45 mmHg for systolic BP (SBP) and 8.15 mmHg for
diastolic BP (DBP), outperforming direct rtPPG waveform input under the same training
protocol. Model comparisons also showed that estimation performance varied with the
architecture and model capacity. To identify an effective feature representation, recursive
feature elimination (RFE) and principal component analysis (PCA) were compared across
multiple dimensions. At 24 dimensions, PCA reduced MAE by 1.59 mmHg for SBP and
1.09 mmHg for DBP relative to RFE, while the 15-dimensional PCA representation was
selected as the final compact representation considering both performance and feature
dimension. The proposed approach was further evaluated against measurement-free and
measurement-based reference baselines, while leave-one-subject-out (LOSO) validation was
used to assess subject-independent generalization. LOSO showed substantial performance
variation across held-out subjects, indicating limited generalizability to unseen subjects.
Despite this limitation, the overall results support the feasibility of compact morphological
rPPG feature representations for contactless BP estimation and highlight the importance of
appropriate feature-space and model selection.

Keywords: contactless measurement; blood pressure; remote photoplethysmography;
morphological features; deep learning; dimensionality reduction

1. Introduction

Blood pressure (BP) is the pressure that blood pumped from the heart pushes against
the walls of blood vessels, providing physiological information about cardiac function,
vascular status, organ perfusion, and hemodynamics [1]. Hypertension, in particular, is a
major risk factor for cardiovascular diseases such as heart disease and stroke, and is also
considered an indicator for preventing deaths from all causes. Recently, the prevalence of
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hypertension has been rising globally due to an aging population and increased exposure
to lifestyle risk factors like unhealthy diets and lack of physical activity [2]. To prevent this,
continuous and uninterrupted BP monitoring technology is required, driving research into
various BP measurement methods.

The most accurate method for measuring BP is the invasive approach, which in-
volves inserting a catheter into the skin to directly detect the pressure of blood flow. This
catheterization allows for continuous BP measurement and has the advantage of being
highly suitable for use as the clinical gold standard [3]. However, this method carries
serious risks such as bleeding, making it difficult to use without the assistance of a medical
professional [4,5]. In contrast, cuff-based oscillometry is simple to use and easily accessible
in daily life. This method uses an automatic BP monitor for measurement and is currently
the most widely used in both clinical and home settings. However, it requires direct pres-
sure on the skin, which can be uncomfortable for the user, and each measurement takes at
least about three minutes [6]. Therefore, oscillometry has the limitation of being unsuitable
for continuous or real-time monitoring. To overcome the unsuitability of conventional
direct arterial measurement methods for continuous monitoring, contact-based approaches
that utilize biosignals such as photoplethysmography (PPG) and electrocardiogram (ECG)
have been proposed [7].

ECG captures the heart’s electrical activity using electrodes attached to the skin, while
PPG detects pulsatile changes in blood volume by measuring variations in light absorption
or reflection from peripheral tissue, such as the fingertip, earlobe, and toe. PPG is typically
acquired using an optical sensor consisting of a light-emitting diode and a photodetector. It
is widely incorporated into compact, non-invasive pulse oximeters for monitoring pulse
rate and estimating peripheral oxygen saturation. Combining them yields the pulse arrival
time (PAT), which is the interval between the R-peak of ECG and the systolic peak of
PPG, and is equal to the sum of the pre-ejection period (PEP) and pulse transit time
(PTT). Increased arterial stiffness accelerates pulse wave velocity; for a fixed path length,
PTT shortens and BP rises, so BP and PTT are generally in an inverse relationship [8].
Conventional approaches leverage this characteristic to estimate BP via regression [9,10].
However, obtaining accurate PTT requires separating PEP, demanding extra sensors such
as impedance cardiography [11]. For this reason, many studies employ PAT without PEP
calibration as an indirect inverse marker of BP [12,13]. But this may cause errors, as the
embedded PEP can vary independently of BP [14]. To address this, PPG-only approaches
have been reported, as in [15]. This approach calculates PTT by measuring the foot-to-foot
or peak-to-peak time difference between PPG signals from two different peripheral sites
(e.g., finger-foot) without using ECG [16,17].

However, conventional contact-based BP estimation using PTT can suffer from syn-
chronization issues because it requires at least two sensors. To overcome this, single-site
PPG approaches with machine learning [18,19] have been explored as an alternative to
dual-site measurements. In practice, PPG is generally preferred over ECG due to easier
acquisition and greater convenience [20]. When PPG is used alone, the input features of the
network usually comprise the raw waveform, its derivatives, time—frequency spectrograms,
and handcrafted waveform features [21-23]. Among these, feature extraction from the
PPG waveform has been studied extensively, and diverse morphological and statistical
descriptors have been derived from the original signal and its derivatives. Such hand-
crafted features are not only useful for BP estimation but are also linked to physiologically
meaningful waveform characteristics, thereby providing a physiologically interpretable
feature representation [24]. In addition, a key consideration is identifying a compact set
of informative features that can achieve high performance while preventing an increase
in the false detection rate [25]. This is closely related to dimensionality reduction, which
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is an essential preprocessing step prior to machine learning. It removes unnecessary or
redundant information, improves learning performance, and enhances the interpretability
of the results [26]. For example, El-Hajj and Kyriacou [27] extracted 52 PPG features and
reduced them to 24 using recursive feature selection (RFE). Nevertheless, wearing a sensor
can cause discomfort, may be unsuitable for individuals with skin sensitivity, and raises
infection risks. These limitations motivate research on contactless BP estimation as an
alternative [28,29].

The contactless method is based on remote PPG (rPPG), which shares the hemody-
namic basis of PPG. Unlike contact sensing, rPPG constructs RGB signals from facial skin
ROlIs in video and then extracts the pulse via preprocessing algorithms. This enables track-
ing of blood flow in the skin and monitoring various vital signs [30]. Building on this signal,
rPPG-based BP estimation has been studied primarily through two approaches. First, the
PTT-based approach computes delays between different ROIs (e.g., forehead—cheek) or
wavelength bands (e.g., red-green) within a face video, then uses them in regression or
deep learning models [31,32]. Second, a direct approach uses facial video or the rPPG
waveform as input to a deep learning model to estimate BP [33,34]. There has been active
work on explicitly learning temporal information using either spatio-temporal representa-
tions (e.g., STMap [35]) or sequence models such as long short-term memory (LSTM) and
transformers [36,37].

In parallel, studies have begun to port established morphological features for PPG
to rPPG under the same definitions, and estimate BP using machine learning [38-40]. Ap-
proaches that combine features are considered to exhibit superior estimation performance
compared to those using only demographic information [41]. Furthermore, comparative
studies with contact-based features have suggested that rPPG also holds potential for
remotely capturing BP-related properties [42]. However, most feature-based rPPG studies
for BP estimation do not model the temporal structure of the signal, and they mainly report
feasibility with traditional machine learning such as support vector regression (SVR) or
simple multi-layer perceptron (MLP) models. Furthermore, while dimensionality reduction
is essential when using a large number of features, traditional feature selection-based meth-
ods may not sufficiently preserve the information in the defined feature space. Therefore, it
is important to evaluate not only whether morphological rPPG features are useful for BP
estimation, but also how these features should be represented and processed effectively.

This paper presents a feasibility evaluation of effective morphological feature repre-
sentation for contactless BP estimation using rPPG. We extract 52 morphological features
from each rPPG cardiac cycle and its first and second derivatives, arrange them as temporal
sequences, and estimate systolic BP (SBP) and diastolic BP (DBP) using an LSTM-based
model. To evaluate how representation and model design affect estimation, we compare
the 52-feature input with a matched resampled rPPG waveform, conventional machine
learning models and recurrent ablations, and feature representations based on principal
component analysis (PCA) and RFE across multiple dimensions. We also use measurement-
free global-mean and per-subject-mean baselines and a measurement-based last-known-BP
baseline to distinguish estimation beyond average BP levels and temporal persistence.
The main analysis uses a blocked calibration-based split with no temporal overlap, while
leave-one-subject-out (LOSO) validation is additionally used to assess subject-independent
generalization. Overall, the study examines the feasibility of structured morphological
rPPG features while identifying practical choices in model configuration, feature-space size,
and performance evaluation.
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2. Data Preprocessing
2.1. Dataset

The public rPPG data used in this study contain recordings from 17 subjects collected
at Leipzig University Hospital [36]. A 2-h video was recorded using a 32 fps industrial
USB camera for patients scheduled for surgery, while BP labels were recorded at one-
minute intervals via a bedside monitor. The synchronized rPPG signals were extracted
from the forehead and cheek region and processed using the Plane-Orthogonal-to-Skin
(POS) algorithm [43]. Each released recording was segmented into windows based on
heart rate, with each window defined to contain seven cardiac cycles and resampled to a
length of 875 points. The BP distribution histogram in the dataset is shown in Figure 1,
where the mean and standard deviation of SBP and DBP are 143.40 £ 14.97 mmHg and
65.68 £+ 11.30 mmHg, respectively.

SBP Distribution DBP Distribution
6001 I 400 I
500 1
300
+ 400 o
C C
3 300 3
S 8 200
200
100
100— Mm
0 | 0
100 120 140 160 40 50 60 70 80
SBP [mmHg] DBP [mmHg]

Figure 1. Histogram of BP labels (left: SBP, right: DBP). The x-axis represents BP values and the y-axis
indicates counts.

2.2. rPPG Morphological Feature Extraction

For each cycle of the rPPG signal, 52 BP-related features derived from PPG morphology
are extracted. Prior to feature extraction, min-max normalization is applied to each 7 s
rPPG segment, after which individual cycles are delineated. Cycles are excluded when
any required reference point or derived feature cannot be reliably identified. Using this
strict exclusion criterion, approximately 75.7% of the 111,868 initially extracted cycles were
excluded, resulting in 27,135 valid cycles.

The reference points used for feature extraction include the starting point (foot), end
point (valley), and systolic peak (SP) of the rPPG waveform; the first peak and valley
of rPPG’ (a1, b1) [27]; and the first positive peak, first negative valley, and subsequent
re-increasing peak of rPPG” (a, b, ¢). Here, a denotes the early systolic positive peak, b
denotes the early systolic negative peak, and ¢ denotes the late systolic re-increasing peak.

The conventionally used DW,/SW,, provides BP-related information by capturing
the temporal asymmetry between systole and diastole. In this study, p is set to 10, 25, 33,
50, 66, and 75. Measured at the same p% amplitude level, these widths indirectly reflect
changes in wave-reflection timing and arterial stiffness [44]. The value was calculated by
defining the 10% amplitude level based on the lower-amplitude point between the foot and
valley. However, if the defined 10% amplitude level was lower than all amplitude values
on the opposite side, such that no corresponding crossing point could be identified, the
minimum-amplitude point on the opposite side was used as the 10% amplitude point. As
shown in Figure 2a, systolic time (ST) and diastolic time (DT) denote the rising and falling
phases of the rPPG waveform, respectively. Likewise, systolic area (SA) and diastolic area
(DA) are defined as the signal areas within the corresponding intervals and are strongly
associated with the strength of pulse wave reflection [45]. In addition, pulse interval (PI)
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represents the duration of one cycle and is closely related to heart rate variability [46].
Together, these features reflect the dynamic differences between systole and diastole within
a single pulse cycle.

(a)

(b)

©

(@

Figure 2. Visualizations of the features (In all subfigures, the x-axis denotes time and the y-axis
represents the amplitude of the signal): (a) DW,,/SW,, values and systolic/diastolic areas (right y-axis
indicates the p level of the systolic peak amplitude), (b) rPPG signal, (c) rPPG’ signal, (d) rPPG” signal.
The black points outlined in red indicate the reference points used for feature extraction.

The remaining features are defined as derived features combining the time and am-
plitude coordinates of the reference points. The time and amplitude coordinates are de-
noted by TY and A%, respectively, where 0 € 0,1,2 indicates rPPG, rPPG/, and rPPG”,
and x € foot,SP,al,bl,a,b,c denotes the reference point used for computation. These
coordinate-based features reflect not only the absolute position of the pulse wave but also
the relative time difference, amplitude ratio, slope, and morphological changes between
them. In particular, derivative-based reference points enable more stable localization of
turning points in the waveform even when inflection points in the original signal are
unclear, and second derivative-based features have repeatedly been reported as significant
indicators in BP estimation and vascular aging assessment [47]. Detailed feature defini-
tions are summarized in Table 1, and the reference points and coordinates can be visually
confirmed in Figure 2b—d.
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Table 1. Summary of Extracted Features.

Source Signal No. of Features  Feature Definition
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2.3. Dimensionality Reduction

RFE and PCA reduce dimensionality in different ways. RFE is a supervised feature-
selection method that retains a subset of the original features according to feature impor-
tance estimated by a specified estimator. In contrast, PCA is a feature-extraction method
that transforms the original correlated features into orthogonal principal components or-
dered by the amount of variance they explain. For the 52 morphological features used
in this study, PCA can reduce redundancy among correlated features while preserving
information distributed across multiple features in a lower-dimensional representation.
Because each principal component is a linear combination of the original features, however,
PCA provides less direct physiological interpretability than RFE.

This study adopts PCA as the primary dimensionality reduction strategy. To establish
a comparison baseline, a set of 24 features was selected using RFE following [27], and
its performance was compared with that of the 24-dimensional representation obtained
by PCA. In addition, to further examine the effect of dimensionality on BP estimation
performance, both PCA and RFE were evaluated at 5, 10, 15, 20, 30, and 40 dimensions. For
these additional RFE experiments, SBP and DBP were jointly considered during feature
selection, with a random forest used as the estimator and the elimination step set to 1.

The training-set feature vectors are stacked row-wise to form the high-dimensional
data matrix D € R™*™, where n represents the number of training feature vectors and
m denotes the feature dimension (m = 52). To perform PCA, the mean of each feature is
first subtracted. The PCA transformation learned from this training matrix is subsequently
applied to the validation and test feature vectors, as described in Section 3.2. Let y; be
the mean of the jth feature, i.e., the jth column. Then, the entry of the resulting matrix
D € R"*"™ can be expressed as follows [48]:

dij = dij — pj. 1)
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The covariance matrix is given by [49]
1 -7~
Y==-D'D (2)
n
which admits the eigendecomposition [50]

% =QAQT, 3)
where Q = [q1,q2,---,qm] € R™*™ contains orthonormal eigenvectors of ¥ satisfying
Q'Q =1 and

A0 0

0 A 0

A= : (4)

0 o o A
with eigenvalues ordered as Ay > A, > .- > A, > 0. This decomposition can be
equivalently written as

- T
L=) Mgy ()
k=1

Given a target reduced dimension m (m < m), the data are projected onto the first 1
principal components as [51]

Z= DQT?I/ (6)

where Q= [q1, 92, - - -, Q) € R™*™ is the lower dimensional representation of the feature
matrix obtained by PCA. The cumulative explained variance ratio (CEV) up to the mth
component is defined as [48]

IR Yy

CEV(m) = T Ay

(7)

In this study, PCA-based dimensionality reduction was evaluated using 5, 10, 15, 20, 24, 30,
and 40 principal components to assess performance across different feature dimensions
and to facilitate direct comparison with the RFE-based approach. Among these settings,
15 principal components achieved a CEV of approximately 0.99.

To further examine how each original morphological feature is represented in the
PCA-reduced space, a feature contribution analysis was performed using the eigenvalues
and eigenvectors obtained from PCA. Let g; ; denote the j-th element of the eigenvector
qx corresponding to the k-th principal component. The coefficient gy ; can take either a
positive or negative value depending on the direction of the corresponding principal-
component axis. Therefore, q,%’ jwas used to remove the directional effect of the sign and to
prevent positive and negative coefficients from canceling each other when contributions
are accumulated across multiple principal components. Weighting by A further accounts
for the amount of variance represented by each principal component.

Accordingly, the contribution of the j-th original feature across the retained principal
components was defined as

m
C; :kZAkqi,-, j=1,...,m, (8)
=1
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where m denotes the number of original features and 7 denotes the number of retained
principal components. Since a small number of contribution values were substantially larger
than the others, making the remaining contributions difficult to distinguish, a common
logarithmic transformation was applied as follows:

C;j = log;y(C)). )

The transformed values allow the relative representation of the original morphological
features within the retained PCA space to be compared. However, these contribution values
should be interpreted as indicating how strongly each original feature is represented in the
variance preserved by the retained principal components, rather than as a direct measure
of its importance for BP estimation.

3. Deep Learning Methodology

This section describes the training procedure using the LSTM-based architecture. To
provide a controlled comparison between the feature and signal representations, both
inputs were configured to have the same input size and were evaluated using the same
network architecture and training protocol. The overall methodology consists of model
architecture design, input data construction, and training details.

3.1. Model Architecture

Since BP is estimated using feature vectors arranged over time, this study adopted
an LSTM-based model. The model consists of one bidirectional LSTM (BiLSTM), three
unidirectional LSTMs (UniLSTMs), one attention layer, and two dense layers. The BILSTM is
used to capture temporal dependencies in both forward and backward directions, allowing
the model to incorporate contextual information from preceding and subsequent feature
vectors within each sequence. The subsequent UniLSTMs further refine the sequential
representation by progressively extracting temporal patterns relevant to BP estimation.
The BiLSTM has 256 units per direction (512 total), while the subsequent UniLSTMs have
256, 128, and 64 units, respectively. A dropout rate of 0.3 is applied after each recurrent
layer to reduce overfitting. The attention layer is then applied to emphasize temporally
informative representations while assigning relatively lower weights to less relevant time
steps, enabling the model to focus on the portions of the sequence that contribute more
strongly to BP estimation. The resulting representation is passed through two dense layers
to estimate the final SBP and DBP values. For the 52-dimensional feature input, the model
contains 1,669,026 trainable parameters. A linear activation function is applied to both
dense layers. The model architecture is shown in Figure 3.

Furthermore, to evaluate the effectiveness of the proposed model architecture, SVR,
MLP, and recurrent ablation models were used as comparison models. The SVR model
used a radial basis function kernel, with C, gamma, and epsilon set to 10, 0.0005, and 0.01,
respectively. The MLP consisted of five hidden layers with 512, 256, 128, 64, and 32 nodes.
ReLU activation was applied to the hidden layers, while the output layer simultaneously
estimates SBP and DBP using a linear activation function. For the recurrent ablation analysis,
three variants were evaluated: a model without the attention layer, a model without the
BiLSTM layer, and a model without both the attention and BiLSTM components. These
variants were used to examine the effects of bidirectional temporal processing and attention
within the recurrent architecture.
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Figure 3. LSTM-based BP estimation model architecture. The model is composed of one BiLSTM layer,
three UniLSTM layers, and one attention layer. It takes a sequence of rPPG-derived feature vectors as
input and produces SBP and DBP. The input sequence has an analysis length (time step) used when
estimating an SBP/DBP pair. LSTM cells share the same parameters and learn temporal patterns by
repeatedly updating the hidden state, which has a dimension corresponding to the number of units,
for each feature vector.

3.2. Input Data Processing

First, the data are partitioned into training, validation, and test sets. The removal of
cycles with feature loss, as described in Section 2.2, leads to variation in the number of
feature vectors (i.e., sequence length) across subjects. This variability may lead to overfitting
to specific individuals. For example, the number of valid cycles varied from 1125 in one
subject to 2422 in another. To mitigate this issue, a calibration-based learning setting is
adopted, and each subject’s sequence is evenly divided into 10 segments, which are then
assigned to each set. For subject s, the sequence length is denoted by [s. Then, the first nine
segments have length |I/;/10], and the final segment includes any remaining vectors after
division. The segments are assigned to training, validation, and test sets in chronological
order at an 8:1:1 ratio, ensuring that no temporal overlap exists across the sets, so that the
model is evaluated on time ranges not observed during training. This split strategy required
at least 400 valid cycles per subject. Subjects who did not satisfy this requirement were
excluded, resulting in the exclusion of one subject from the training process. Consequently,
16 subjects were used in the final analysis. In addition to this calibration-based evaluation,
LOSO validation was performed by evaluating each subject as the held-out subject in turn,
in order to examine subject-independent generalization.

Second, min-max normalization is applied to reduce scale differences across features.
The normalization is applied independently to each of the 52 features, regardless of the
subject. It is performed only on the training set, and the resulting minimum and maximum
values are consistently used to normalize the validation and test sets. Meanwhile, when
using the PCA-reduced representation Z from Section 2.3, Z is used directly without
additional normalization. Similarly, PCA is fitted only on the training set, and the learned
transformation is applied to the validation and test sets.

Finally, the model input time series is constructed. At each training step, a sequence of
40 consecutive feature vectors is used as the input, and this sequence length is defined as
the time step. If each feature vector has dimension m, the resulting input size is 40 x m. The
sequence length of 40 cycles was selected to provide the recurrent model with temporal
context across multiple consecutive cardiac cycles. The time step represents the temporal
window of cardiac activity used to estimate a single BP pair. The reference SBP and DBP
assigned to each input window were calculated by averaging the BP labels corresponding
to the 40 cardiac cycles included in that window. The input window is then shifted by a
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predefined stride to read the next sample. In this study, the stride is set to 20, resulting in a
50% overlap between adjacent windows. This process is applied separately to each data
split after partitioning, ensuring that no temporal information leaks between the training,
validation, and test sets. These steps are illustrated in Figure 4.

B Train . Val | Test _
° < >|e 1 >
- : 2 .. : A - . -
Subjects i
Sl T

—T} s S

N )
. A 0 1 20, 21 40 41 60 61 80 81
. m-dimensional \ N - /\\/\l A RSN VAN /\,41
Feature vector . . . . .
G  Time step < >
® > < >

[ o Stride ® O >

L J

Figure 4. Input data processing illustration: The dataset is split into training, validation, and test sets
at an 8:1:1 ratio, followed by input data configuration based on the time step (segment size required
to estimate one BP pair) and stride (distance to the next segment).

In addition, to validate the effectiveness of the feature-based approach, a model using
the rPPG signal as input was trained. To ensure a consistent input size, each pulse-cycle
segment was resampled to a fixed length of 52 samples and treated as a 52-dimensional
input vector, analogous to the 52-dimensional feature representation. The resampled signals
were then arranged into sequences of 40 time steps with a stride of 20, following the same
input configuration used for the feature-based approach. These sequences were fed into
the same network architecture and trained using the same training protocol.

3.3. Training Details

The experiments were implemented in TensorFlow. The training process was con-
ducted for 300 epochs with a batch size of 8, a learning rate of 0.0001, and the Adam
optimizer. Mean squared error was employed as the cost function. Early stopping was
applied when the validation loss did not improve for 20 consecutive epochs, while over-
fitting was defined as an increase of more than 50% in the validation loss relative to the
previous epoch. Both feature-based and signal-based learning, including the MLP model,
were conducted under the same conditions as described above. To reduce the effect of
random initialization and data shuffling, the calibration-based model comparisons and
dimensionality-reduction experiments were trained 20 times using different random seeds,
and the reported quantitative results represent the average performance across these 20 runs.
For LOSO validation, each held-out-subject fold was repeated five times, and the reported
subject-wise metric values represent the mean across the five runs. Model training was
performed on RTX A4500 GPUs.

4. Experimental Results

This section reports the quantitative performance of the proposed rPPG-based BP
estimation framework under the calibration-based split and LOSO validation, together
with comparisons of input representations, model variants, and dimensionality-reduction
settings. All experiments used a time step of 40 and a stride of 20. Performance was
evaluated using mean absolute error (MAE), root mean squared error (RMSE), standard
deviation (SD) of the estimation error, mean difference (MD), and Pearson correlation
coefficient (R); MAE, RMSE, SD, and MD are reported in mmHg. For repeated training
experiments, values are reported as the mean =+ run-to-run SD unless otherwise noted. The
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SD metric itself denotes the sample-wise SD of the estimation errors. The model architecture
comparison reports the 20-run mean values together with the corresponding run-to-run SDs
and model capacity. For the regression and Bland—Altman visualizations, a representative
calibration-based run was selected by identifying the run closest to the 20-run mean for
each of the ten evaluation metrics. The run identified most frequently across these metrics
was selected for Figure 5. In the case of a tie, the run showing a more balanced number of
closest matches across SBP and DBP was chosen. For Figure 6, the 24-dimensional PCA
result obtained using the same random seed as the representative run in Figure 5 was used
for comparison.
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Figure 5. Regression and Bland-Altman plots for the representative run using the 52-dimensional
feature representation: (a) SBP and (b) DBP. For SBP, MAE, RMSE, SD, and MD were 11.66, 16.92, 15.81,
and —6.04 mmHg, respectively; for DBP, they were 7.93, 11.64, 11.53, and —1.63 mmHg, respectively.

Three non-learned baselines were evaluated using the same window-level reference
targets as the proposed model, but they were included for different purposes. The global-
mean and per-subject-mean baselines were used as measurement-free baselines that do not
rely on a specific recent BP measurement for estimation. The global-mean baseline assigns
the mean BP of all training windows to every test window, whereas the per-subject-mean
baseline assigns each subject’s mean training BP to that subject’s test windows. These
baselines were included to determine whether the proposed model performs better than
simply reproducing the overall or subject-specific average BP level. In contrast, the last-
known-BP baseline was treated separately as a measurement-based baseline because it
directly uses a specific previously measured BP value from the same subject. For each
subject, the final BP label in the training split was retained and used as a constant estimate
for all subsequent test windows. This baseline was included to assess whether the proposed
model can capture BP changes beyond the temporal persistence represented by the most
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recent available BP measurement. Although the last-known-BP baseline does not represent
a complete long-term estimation strategy because a fixed previous value cannot reflect
subsequent BP changes, it provides a strong reference for evaluating temporal BP tracking.
All three baselines generate constant estimates within their corresponding evaluation sets;
therefore, R was not reported.
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Figure 6. Regression and Bland-Altman plots for the representative run using the 24-dimensional

PCA representation: (a) SBP and (b) DBP. For SBP, MAE, RMSE, SD, and MD were 9.72, 14.26, 13.68,
and —4.00 mmHg, respectively; for DBP, they were 6.90, 10.15, 10.11, and —0.88 mmHg, respectively.

As shown in Table 2, the global-mean baseline yielded MAEs of 14.28 mmHg for SBP
and 9.99 mmHg for DBP. The per-subject-mean baseline in Table 3 showed substantial inter-
subject variation; for example, Subjects 1 and 2 had SBP MAEs of 24.10 and 45.98 mmHg
despite relatively small within-test error SDs of 2.51 and 1.91 mmHg. This pattern indicates
that large errors can arise from a shift in BP level between the training and test periods
even when the test-period BP itself varies little. Since the per-subject-mean estimation is
constant, its error SD is equivalent to the SD of the corresponding test reference BP’ and
therefore provides a direct indication of within-subject BP variability. The SBP error SD
ranged from 0.00 to 12.64 mmHg and the DBP error SD from 0.00 to 5.51 mmHg. Subject
15 contained only one test window, while several other subject-BP combinations had very
limited test variation. These cases limit the extent to which within-subject BP tracking can
be assessed from correlation or MAE alone.

The last-known-BP baseline in Table 4 further illustrates the effect of temporal per-
sistence. Its performance varied markedly across subjects, and DBP errors were zero for
Subjects 10 and 16 because each of these test sets contained only one distinct window-level
DBP label and that value matched the retained last-known BP. Thus, very low errors can
occur without rPPG-derived information when BP remains unchanged across the evaluated
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test windows, underscoring the need for both persistence baselines and explicit reporting
of within-subject BP variation.

Table 2. Performance of the global-mean baseline for SBP and DBP estimation.

SBP DBP
MAE RMSE SD MD MAE RMSE SD MD
14.28 17.56 16.44 —6.19 9.99 12.01 11.97 —1.01

Table 3. Performance of the per-subject-mean baseline for SBP and DBP estimation.

Subject  Test SBP DBP

No. Windows MAE RMSE SD MD MAE RMSE SD MD

1 11 2410 2423 251 —2410 247 2.89 150 247
2 5 4598 46.02 191 —4598 2281 22.82 0.64 —2281
3 3 7.14 719 078 —7.14 585 587 050 5.85
4 4 5.02 502 022 502 1551 1551 0.08 —15.51
5 4 15.76 1583 151 1576 1196 1197 031 11.96
6 8 19.15 20.01 5.80 —19.15 11.75 12.08 279 —11.75
7 4 1.65 1.73 053  1.65 0.45 049 0.19 —045
8 14 1147 1437 1264 —684 7.22 9.08 551 —7.22
9 6 1589 1597 156 1589 1521 1524 1.01 1521
10 13 4.24 425 029 —424 351 351 0.00 351
11 13 702 1013 927  4.09 8.95 987 416 895
12 4 18.80 1890 190 18.80  3.27 372 258 —2.68
13 8 13.73 1374 054 —13.73 13.81 14.00 233 13.81
14 13 15.03 1526 265 —15.03 19.02 19.11 1.82 —19.02
15 1 18.79 1879 0.00 1879  4.68 468 0.00 4.68
16 4 2031 2032 032 2031 1351 1351 0.00 13.51

Table 4. Performance of the last-known-BP baseline for SBP and DBP estimation.

Subject SBP DBP
No. MAE RMSE SD MD MAE RMSE SD  MD
1 430 498 251 430 196 247 150 196

2 2.58 3.20 1.91 —2.58 0.32 0.56 0.46 —0.32
3 1.74 191 0.78 —1.74 0.66 0.83 0.50 —0.66
4 0.42 0.48 0.22 0.42 0.75 0.75 0.08 0.75
5 4.16 443 1.51 4.16 1.45 1.48 0.31 1.45
6 9.25 10.92 5.80 9.25 4.80 5.55 2.79 4.80
7 0.53 0.59 0.53 -0.27 1.96 1.97 0.19 —1.96
8 12.91 1723  12.64 —-11.71 573 7.38 5.51 —4.91

9 1.23 1.58 1.56 —-0.22 0.76 1.01 1.01 —0.06
10 0.17 0.34 0.29 0.17 0.00 0.00 0.00 0.00
11 6.82 10.78 9.27 5.50 3.08 4.82 4.16 244
12 2.94 3.50 1.90 2.94 3.05 3.99 2.58 3.05
13 2.68 273 0.54 2.68 1.70 2.89 2.33 —-1.70
14 6.62 7.14 2.65 —6.62 6.53 6.78 1.82 —6.53
15 1.20 1.20 0.00 1.20 1.16 1.16 0.00 1.16
16 0.72 0.79 0.32 0.72 0.00 0.00 0.00 0.00

4.1. Effectiveness of Feature-Based Estimation

Tables 5 and 6 compare the 52-dimensional rPPG-derived feature representation with
the resampled rPPG signal input under the same sequential configuration and training
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protocol. The feature input achieved MAE, RMSE, error SD, MD, and R values of 11.45,16.78,
15.48, —6.39, and 0.44 for SBP and 8.15, 11.90, 11.74, —1.81, and 0.40 for DBP, respectively.
In comparison, the signal input yielded MAEs of 15.91 mmHg for SBP and 14.89 mmHg for
DBP, together with higher RMSE and error SD and lower R for both BP types.

Table 5. SBP estimation performance using the 52-dimensional rPPG-derived feature vectors and the
resampled rPPG signal input.

Input MAE RMSE SD MD R

Feature 1145+1.07 1678+112 1548+094 —-639+131 044 +0.08
Signal 1591 £038 21.33£049 21.18=+045 —-226=+1.09 0.27=£0.03

Table 6. DBP estimation performance using the 52-dimensional rPPG-derived feature vectors and the
resampled rPPG signal input.

Input MAE RMSE SD MD R

Feature 8.15 £ 0.81 1190099 11.74+£093 —-181=+076 0.40+0.12
Signal 14.89 £041 1728+£035 16.64+027 460+0.78 —0.19+0.04

Relative to the global-mean baseline in Table 2, the 52-feature model reduced MAE by
2.83 mmHg for SBP and 1.84 mmHg for DBP, RMSE by 0.78 and 0.11 mmHg, and error SD
by 0.96 and 0.23 mmHg, respectively. The absolute MD was slightly larger for the learned
feature model in both BP types, indicating that its improvement was primarily reflected in
absolute and dispersion-based error measures rather than reduced signed bias.

Table 7 summarizes the percentages of estimates with absolute errors within 5, 10,
and 15 mmHg. According to the BHS grading criteria, Grades A, B, and C require at
least 60%/85% /95%, 50% /75% /90%, and 40% /65% /85% of measurements to fall within
5/10/15 mmHg, respectively. Across the 20 runs, the proposed model achieved mean
percentages of 40.43%, 58.39%, and 73.61% for SBP and 51.57%, 72.87%, and 82.17% for DBP,
with run-to-run SDs of 5.93, 4.26, and 4.91 percentage points for SBP and 4.00, 3.93, and
3.17 percentage points for DBP across the three thresholds. Neither BP type satisfied all three
thresholds required for BHS Grade C. For contextual comparison with the AAMI/ESH/ISO
numerical accuracy criterion, the MD between the estimated and reference BP should be
within +5 mmHg, with an error SD no greater than 8§ mmHg. The 52-feature model
had an MD of —6.39 mmHg and an error SD of 15.48 mmHg for SBP and an MD of
—1.81 mmHg and an error SD of 11.74 mmHg for DBP. Thus, the SBP result exceeded
both numerical limits, whereas DBP satisfied the mean-error limit but exceeded the SD
limit. These criteria are provided only as clinical context because the present study does
not satisfy the full subject-number, reference-measurement, and protocol requirements for
formal device validation.

Table 7. Comparison of the error percentages of the proposed 52-feature model with the BHS criteria
listed for Grades A-C.

<5 mmHg <10 mmHg <15 mmHg
Ours SBP 4043 £593% 5839 £4.26%  73.61 £491%
Ours DBP 51.57 = 4.00%  72.87 £3.93%  82.17 £3.17%
BHS Grade A 60% 85% 95%
BHS Grade B 50% 75% 90%
BHS Grade C 40% 65% 85%

The subject-wise calibration-based results are presented in Tables 8 and 9. For SBP,
mean MAE ranged from 1.64 mmHg in Subject 10 to 44.56 mmHg in Subject 2; for DBP,
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it ranged from 1.10 mmHg in Subject 10 to 25.38 mmHg in Subject 2. Compared with the
per-subject-mean baseline in Table 3, the 52-feature model achieved lower MAE for 10 of
16 subjects for SBP and 9 of 16 subjects for DBP. Run-to-run variability also differed across
subjects, with the largest MAE SDs observed for Subject 2 in SBP (6.27 mmHg) and Subject
16 in DBP (5.25 mmHg).

Table 8. Per-subject SBP estimation performance of the LSTM-based model using the 52-dimensional

rPPG-derived feature representation.

S“;I’(’)e“ MAE RMSE SD MD R
1 9414291  11.06+294  674+156  —858+312 —025+024
2 4456 + 627 45824589 10104286 —4456+627  0.60 & 041
3 1080 £224 11194238 2664146 —1080+£224 052+ 0.56
4 531 4 2.01 5.84 4 2.06 265+096  —495+245  —0.15+033
5 891+219 10204172 483 + 145 8.75 + 2.25 0.54 + 0.29
6 942 +224 11524311  11.07+247 —1924+323  —0.18+027
7 8.49 + 191 9.52 + 1.84 4134160  —8394+200 —045+051
8 1870 £ 1.61  2352+139 1446 +092 —1850+188 —0.65+ 021
9 394 + 143 464 + 156 237 4+ 1.00 3.90 + 1.46 0.12 + 043
10 1.64 + 0.95 2.06 + 1.07 1314069  —120+134 040+ 025
11 647 +231 11354289  1040+284 3354318 0.31 +0.31
12 373 + 1.84 448 +2.05 299 +0.93 3004236  —0.15+ 059
13 1748 £2.65  1815+2.60  455+1.67  —1748+2.65 —0.69 + 0.22
14 1151 +241 13834213 1070 £1.02 -850+289  —051+027
15 518 + 241 518 + 241 0.00 % 0.00 467 + 334 -
16 2301 +613  2613+496 1186 +401 2258 +649  0.67 +0.14

Table 9. Per-subject DBP estimation performance of the LSTM-based model using the 52-dimensional
rPPG-derived feature representation.

Subject MAE RMSE SD MD R

No.
1 665+151  793+165  673+141  315+£297 042+ 020
2 2538 +4.89 2751 +417  986+320 —2538+4.89 073+ 041
3 337+£093  362+083 1204045  —337+£093 058+ 056
4 437+£188  464+188 1604058 4224211 036+ 048
5 1771+£368  1899+331 611428  17.70+368 0444056
6 7224212 934+243  7.69+157  —483+291 027 +021
7 876 156  898+141  173+083  —873+163 —0.11+062
8 8394079  1016+070  576+050  —834+087 —0.19+ 050
9 3024093 396+133  249+125  298+£094  0.08 £ 035
10 1104047 1224044 0534009  —1.02+0.60 -

11 426+£079  709+161  670+£149  208+118  —0.23+033
12 490+£098 5234099 4324100 -270+£123 033+ 034
13 797+104  834+103 2404057  797+104  0.56+0.28
14 1277 £379 16424322  1200+£1.04 —1095+390 —0.42+ 031
15 3374225  337+£225  000+£000 116+ 395 -

16 21874525  2482+377  1071+358  21.83+526 -

Table 10 reports the number of distinct 40-cycle window-level BP labels in each
subject’s chronological training, validation, and test split. For SBP, the counts ranged
from 21 to 95 in training, 1 to 14 in validation, and 1 to 14 in testing; the corresponding
DBP ranges were 20-85, 1-11, and 1-14. Subject 2 had only one distinct SBP validation
label, Subject 15 had only one distinct test label for both SBP and DBP, and Subjects 10 and
16 each had only one distinct DBP test label. These limited-label cases help explain why
correlation is undefined or weakly informative for some subject-specific evaluations and
why the measurement-based baseline can occasionally obtain near-zero error.
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Table 10. Number of distinct window-level reference BP labels in each subject’s training, validation,
and test sets.

Subject SBP DBP
No. Train Validation Test Train Validation Test
1 73 11 10 59 6 11
2 47 1 5 44 4 4
3 28 2 3 27 2 3
4 43 4 4 40 4 3
5 37 4 4 28 4 4
6 68 8 8 58 8 8
7 42 4 4 40 4 3
8 95 14 14 85 11 14
9 56 6 6 47 6 6
10 68 13 5 50 10 1
11 82 6 12 64 11 12
12 29 3 4 27 3 4
13 54 5 5 58 7 5
14 93 11 13 63 8 12
15 21 1 1 20 1 1
16 35 4 4 28 4 1

To further assess whether the pooled correlation reflected within-subject BP tracking,
the reference and estimated BP values were mean-centered within each subject before
calculating the pooled correlation. Across the 20 independent runs, the subject-mean-
centered R was —0.038 £ 0.101 for SBP and —0.077 &= 0.069 for DBP. The near-zero centered
correlations indicate that within-subject BP tracking could not be clearly demonstrated in
the present dataset. This result should be interpreted in the context of the limited within-
subject BP variability observed in several test sets. Notably, the number of distinct reference
BP labels may overstate the effective BP variability because decimal-level differences
were counted as separate labels; thus, multiple distinct labels could still correspond to a
relatively narrow BP range. Consequently, the restricted dynamic range within individual
subjects may have limited the ability of the correlation analysis to capture short-term BP
tracking performance.

Figure 5 presents the regression and Bland—Altman plots for the representative run
using the 52-dimensional feature representation. The regression plots show positive cor-
relations of R = 0.43 for SBP and R = 0.44 for DBP. In the Bland—Altman analysis, the bias
(mean difference) was —6.04 mmHg for SBP and —1.63 mmHg for DBP, with 95% limits of
agreement (LoA) ranging from —37.03 to 24.95 mmHg and from —24.23 to 20.97 mmHg,
respectively. Because the differences were calculated as reference minus estimated BP, the
negative bias indicates a tendency toward overestimation. The relatively wide LoA, partic-
ularly for SBP, indicate considerable variation in the estimation errors across individual
test samples.

Table 11 summarizes the subject-wise SBP results under LOSO validation. Mean MAE
ranged from 7.27 mmHg for Subject 15 to 39.42 mmHg for Subject 16, with a mean subject-
wise MAE of 15.88 mmHg. Subjects 14 and 16 also showed large absolute MD values of
34.71 and 39.42 mmHg. R ranged from —0.63 to 0.37, with negative values in 9 of 16 held-
out subjects. In contrast to this large between-subject spread, the repeated-run SD of MAE
within each LOSO fold did not exceed 2.09 mmHg, indicating that the dominant variation
was across held-out subjects rather than across repeated training runs.
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Table 11. Per-subject SBP estimation performance under LOSO validation using the 52-dimensional

rPPG-derived feature representation.

Subject

MAE RMSE SD MD R
No.
1 11.83 £+ 0.97 13.99 £ 1.11 10.03 = 0.77 9.75 £ 1.03 —0.56 + 0.15
2 23.46 + 2.09 28.58 + 2.80 16.90 + 2.16 —23.02+210 —0.26 +0.10
3 16.88 +1.62 18.49 +1.76 15.89 £+ 1.03 9.15 £+ 3.04 0.34 +0.15
4 7.50 £0.29 9.30 £+ 0.35 9.12 £ 0.33 —1.76 & 0.46 —0.11 £ 0.03
5 9.94 +1.17 11.13 £ 1.02 5.04 +0.29 9.90 + 1.18 0.37 £0.13
6 12.08 +0.71 15.41 £+ 0.96 12.46 + 0.59 —8.98 + 1.62 0.17 £ 0.10
7 18.21 £+ 1.09 22.21 £0.70 15.06 £ 0.80 16.29 £+ 1.07 —0.49 +0.11
8 11.24 +1.04 13.68 £+ 0.85 8.01 £0.24 —11.06 + 1.25 0.02 £0.12
9 9.28 +1.57 12.25 +1.34 11.23 +0.84 4.66 +1.92 —0.09 £ 0.06
10 11.28 +1.64 13.74 £ 1.57 13.05 £ 1.71 —3.99 + 1.61 —0.54 4+ 0.08
11 18.33 +1.38 19.60 + 1.44 13.72 +0.97 —1397+135 —0.63+0.07
12 9.48 £+ 0.80 13.13 + 0.56 9.31 £ 0.76 9.19 +£1.02 —0.18 4+ 0.04
13 12.09 £ 0.11 15.00 = 0.76 14.76 + 0.84 2.61 +0.52 0.26 = 0.05
14 35.73 £ 0.85 37.31 £0.70 13.67 + 0.68 —3471+0.84 —0.31+0.03
15 727 £1.33 9.16 - 1.88 7.30 £ 1.50 5.46 4+ 1.51 0.27 £ 0.14
16 39.42 +1.31 39.50 £+ 1.30 243 4+ 0.64 39.42 +1.31 0.01 £ 0.10

Table 12 shows a similarly broad range of DBP performance under LOSO validation.
Mean MAE ranged from 4.83 mmHg for Subject 15 to 32.10 mmHg for Subject 14, with a
mean subject-wise MAE of 12.82 mmHg. Subjects 14 and 16 had MAEs above 30 mmHg
and absolute MD values of 31.93 and 31.20 mmHg, respectively; R ranged from —0.49 to

0.55, with negative values in 10 of 16 held-out subjects. The maximum repeated-run SD of

MAE within a fold was 2.18 mmHg, again much smaller than the between-subject error

range and supporting the conclusion that unseen-subject identity was the larger source of

performance variation.

Table 12. Per-subject DBP estimation performance under LOSO validation using the 52-dimensional

rPPG-derived feature representation.

Subject MAE RMSE SD MD R
No.
1 1774 £113  1821+1.09 4274065  17.69+121  —0.13 % 0.05
2 1507 183  1743+188  993+143  —1424+217 —0.10+0.16
3 15524212 1842+183  1018+031  1530+227  026+0.19
4 1724 £101 18424096 6474034  —1724+101 020+ 0.04
5 913+094 12024097 8304070  868+103  —0.42+0.02
6 1630 £1.08  1869+102  953+0.12  ~1606+121 —0.05+0.10
7 7834040  1074+068  1016+0.60 346074  —0.33+0.04
8 646+218 7534212  636+052  -270+393  —0.10+0.10
9 611+087  784+1.03  487+095 610088  0.09 = 0.06
10 623+113  1023+£142  935+110  397+158  —022+005
1 596+076 8324053 7414051 3094247  —0.35-+0.06
12 7244096 768087  390+028 660098  0.19+0.06
13 611+£067  828+171  811+£15 1474120  0.06+0.16
14 3210+ 069 32724071 7144033 31934071  —0.49 +0.03
15 4834042  593+046 5694059  —093+151  0.55+0.10
16 3120+ 099 31264098 1924041 31204099  —0.15+026

4.2. Effectiveness of LSTM-Based Estimation

Tables 13 and 14 compare the full recurrent model with MLP, SVR, and three recurrent

ablations. To examine how the individual recurrent components affect BP estimation per-

formance, the full BiILSTM-UniLSTM-attention architecture was retained as the reference

configuration, and the effects of removing attention, BILSTM, or both components were
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evaluated comparatively. Model capacity is reported using the number of trainable param-
eters for all neural network-based models, whereas SVR capacity is represented by the
number of support vectors because its fitted model is determined by the subset of training
samples retained as support vectors. The tables report the 20-run mean performance values
together with the corresponding run-to-run SDs.

Table 13. Comparison of model architectures for SBP estimation using rPPG-derived features.

Model Capacity MAE RMSE SD MD R
Full LSTM (proposed) 1,669,026 11.45+£1.07 1678 £1.12 1548 £094 —639£131 0.44 + 0.08
MLP 1,243,170 1273 £ 1.16 1721 £1.01 16.37 £ 0.77 4.89 +2.23 0.24 + 0.06
SVR 1123 SV 13.40 = 0.00 16.69 £ 0.00 1579 £ 0.00 —5.41 =0.00 0.33 + 0.00
LSTM (w/o attention) 1,668,962 11.31 £ 0.81 16.59 £1.17 1553 +£1.11 578 £0.97 0.45 4= 0.08
LSTM (w/o BiLSTM) 565,154 11.55 +0.73 16.22 +0.98 14.83 £0.89 —6.51 £0.96 0.50 £ 0.06
LSTM (w/ o attention, 565,090 11.72 £ 0.92 16.79 £ 1.24 1552 +110 —6.37=£0.99 0.44 + 0.08
BiLSTM)
Table 14. Comparison of model architectures for DBP estimation using rPPG-derived features.
Model Capacity MAE RMSE SD MD R
Full LSTM (proposed) 1,669,026 8.15 4+ 0.81 11.90 = 0.99 11.744+093 —1.81£0.76 0.40 = 0.12
MLP 1,243,170 9.93 +0.70 12.26 + 0.56 11.12 +£0.32 504 £1.26 0.38 £0.05
SVR 1117 SV 8.70 = 0.00 11.18 = 0.00 1116 £0.00 —0.59 £ 0.00 0.40 £ 0.00
LSTM (w/o attention) 1,668,962 7.99 £ 0.61 11.70 £ 091 11.57 £ 086  —1.50 £ 0.95 0.42 £0.10
LSTM (w/o BiLSTM) 565,154 8.24 £+ 0.61 11.68 = 0.76 11.53+0.76 —1.66 £0.75 0.42 + 0.08
LSTM (w/o attention, 565,090 8.30 &= 0.68 11.87 £ 0.92 11.66 = 0.89  —2.02 =1.00 0.40 +0.10
BiLSTM)

For SBP, the full recurrent model achieved an MAE of 11.45 mmHg and R of 0.44,
compared with MAEs of 12.73 and 13.40 mmHg for MLP and SVR. Removing attention
slightly reduced MAE to 11.31 mmHg, while removing the BiLSTM increased MAE to
11.55 mmHg but improved RMSE, error SD, and R. For DBP, removing attention like-
wise produced a slightly lower MAE, whereas removing the BILSTM increased MAE to
8.23 mmHg; removing both components yielded the highest recurrent-ablation MAE for
both SBP and DBP. Removing the attention layer slightly improved performance while
having little effect on the number of parameters, whereas removing the BILSTM reduced
the recurrent-model capacity from approximately 1.67M to 565k parameters. No single
component consistently improved all evaluation metrics. However, the BILSTM accounted
for most of the recurrent model’s parameter count, and removing both the BiLSTM and
attention components generally increased MAE.

4.3. Comparison with Previous Camera-Based BP Estimation Studies

Table 15 summarizes previously reported camera-based BP estimation results.
Schrumpf et al. [36] used the same publicly released rPPG dataset analyzed in the present
study. They first trained AlexNet and ResNet using contact PPG data from 5000 sub-
jects and subsequently transferred the models to the rPPG data. Fourteen subjects were
included in their final rPPG analysis, and their calibration-based results are listed here.
Kawasaki et al. [39] collected an independent dataset from 10 healthy participants in their
early 20 s and evaluated green channel, NIR channel, and combined green and NIR rPPG
features using SVR with LOSO validation. Since the present study derives rPPG from RGB
video, the green channel result was selected for comparison. Rong and Li [38] collected data
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from 191 volunteers, of whom 189 were included after screening, and extracted 26 features
from green channel IPPG signals.

Table 15. Comparison with previously reported camera-based BP estimation studies. All error metrics
are reported in mmHg.

SBP DBP
Study Subjects Input/Setting Model
MAE SD MAE SD
Schrumpf et al. [36] 5000 (PPG) rPPG transfer learning from contact PPG; AlexNet 1520 9.11 852 492

14 (rPPG) calibration-based ResNet 1251 12.61 830 9.84
Kawasaki et al. [39] 10 Green channel rPPG; LOSO SVR 11.31 - 6.49 -
Rong and Li [38] 189 Green channel rPPG; 7:3 split SVR 997 335 759 258

Kawasaki et al. used data from 10 healthy participants in their early 20 s, with mean
SBP/DBP values of 111.2/70.2 mmHg at rest and 129.0/75.6 mmHg after exercise. Rong
and Li used a substantially larger dataset, including 189 analyzed participants, with SBP
ranging from 92 to 148 mmHg and DBP from 51 to 102 mmHg. Among the previous studies
listed in Table 15, the SVR model reported by Rong and Li showed the lowest MAE for both
SBP and DBP. These results suggest that the amount of available data and the diversity of
the BP distribution can have a substantial influence on estimation performance.

Compared with the 52-feature results in Tables 5 and 6, the present study achieved
lower MAE than the AlexNet and ResNet results reported by Schrumpf et al. for both
BP types, despite their models being pretrained using contact PPG data from the large
MIMIC-III cohort before being transferred to the same rPPG dataset used in the present
study. This result suggests that explicitly extracted morphological features may provide an
effective representation of BP-related information in rPPG, particularly when the amount
of available rPPG data is limited. The SBP MAE of the present study was also similar to
the green channel result reported by Kawasaki et al., whereas its DBP MAE was higher.
Overall, the comparison indicates that both dataset characteristics and input representation
are important factors affecting BP estimation performance.

4.4. Dimensionality Reduction Analysis

The effect of feature dimensionality was evaluated using PCA and RFE at 5, 10, 15,
20, 24, 30, and 40 dimensions under the same 20-run protocol. Tables 16 and 17 show the
PCA results. For SBP, 24 dimensions provided the best overall combination of metrics,
with MAE 10.70 & 0.60 mmHg, RMSE 15.24 & 0.88 mmHg, error SD 14.13 £ 0.63 mmHg,
MD —-5.61 £+ 1.25 mmHg, and R 0.58 £ 0.03. For DBP, the minimum mean MAE of 7.55
mmHg occurred at 15, 24, and 40 dimensions, while 24 dimensions gave the lowest RMSE
(10.70 & 0.58 mmHg) and error SD (10.61 £ 0.57 mmHg). Across PCA settings, the run-
to-run SD of MAE remained at or below 0.82 mmHg for SBP and 0.53 mmHg for DBP,
indicating relatively stable dimensionality comparisons across seeds.

Table 16. SBP estimation performance across different PCA-reduced feature dimensions.

Dim. MAE RMSE SD MD R
5 11.06 £0.69 1565+090 14.62+068 —546+123  0.55=£0.04
10 1092 £0.62 1562+078 1449053 —-572+£128 0.56 +£0.03
15 11.09+£082 1572+1.03 1440£077 —-625+115 057 +0.04
20 1123 £054 1594+ 0.71 14.64 £ 056 —622+119  0.56 £ 0.03
24 1070 £ 060 1524 +0.88 1413+063 —-561+125  0.58 £ 0.03
30 1098 £0.75  15.67 £1.01 1448 £0.57 585+ 1.61 0.56 = 0.03
40 10.88 £0.53 15652+£0.75 1429+074 —6.00+0.87 0.58 £ 0.04
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Table 17. DBP estimation performance across different PCA-reduced feature dimensions.
Dim. MAE RMSE SD MD R
5 8.02 £0.40 11.28 £ 0.55 1118 £0.54 —1.22+0.85 0.48 + 0.05
10 7.63 £0.41 10.89 £ 0.55 10.80 £0.53 —1.22 +£0.67 0.51 £ 0.05
15 7.55 £0.53 10.76 £0.73 10.63 £0.70 —1.51+0.73 0.53 £ 0.06
20 7.66 £ 0.36 11.01 £ 0.52 10.86 £0.51 —1.62 +=0.79 0.51 £ 0.05
24 7.55 £0.41 10.70 = 0.58 10.61 =057 —-1.224+0.71 0.53 +0.05
30 7.58 = 0.36 10.84 £054 1073+£049 —-1.39+0.70 0.52 £0.05
40 7.55 £0.42 10.76 £ 0.58 10.65 £0.58 —1.38 +0.79 0.53 £0.05

The RFE results in Tables 18 and 19 showed a different dimensional dependence. For
SBP, the lowest mean MAE was obtained at 40 dimensions (11.10 & 0.79 mmHg), while the
highest R occurred at 10 dimensions (0.54 % 0.06); the 24-dimensional setting produced the
highest MAE (12.29 & 0.82 mmHg) and lowest R (0.39 £ 0.06). For DBP, the 5-dimensional
setting yielded the lowest MAE (7.57 £ 0.34 mmHg) and RMSE (10.93 =+ 0.43 mmHg) and
the highest R (0.51 £ 0.04). The run-to-run SD of MAE remained below 1 mmHg across
all RFE settings, suggesting that the estimation performance was reasonably consistent
across seeds.

Table 18. SBP estimation performance across different RFE-selected feature dimensions.

Dim. MAE RMSE SD MD R
5 11.50 +0.43 16.71 = 0.55 15.49 + 0.42 —6.21 +£0.85 0.47 +0.03
10 11.49 + 0.66 16.30 + 0.88 14.40 + 0.88 —7.57 £ 1.06 0.54 £+ 0.06
15 11.49 + 0.79 16.70 + 0.72 14.87 + 0.57 —7.56 +0.84 0.49 £+ 0.06
20 11.65 + 0.80 16.90 + 0.85 15.09 + 0.76 —7.57 £ 1.00 0.48 4+ 0.06
24 12.29 + 0.82 17.43 + 0.89 16.00 + 0.78 —6.81 +1.21 0.39 4+ 0.06
30 11.12 + 0.98 16.38 + 1.21 14.96 + 1.12 —6.60 £ 1.12 0.50 £+ 0.08
40 11.10 £+ 0.79 16.10 = 1.30 1494 +1.24 —5.97 +0.76 0.49 4+ 0.10

Table 19. DBP estimation performance across different RFE-selected feature dimensions.

Dim. MAE RMSE SD MD R
5 7.57 +£0.34 10.93 +0.43 10.78 + 0.40 —1.68 £+ 0.64 0.51 4+ 0.04
10 7.76 £+ 0.65 11.00 £ 091 10.76 + 0.83 —2.14 4+ 091 0.50 4 0.08
15 7.82 +£0.52 11.26 £ 0.61 1091 + 0.54 —2.54 +1.19 0.48 4 0.08
20 8.02 + 0.41 11.47 + 0.59 11.23 & 0.50 —2.14 +0.96 0.45 4+ 0.07
24 8.64 £+ 0.55 12.47 £ 0.61 12.21 + 0.57 —2.38 +0.95 0.36 £ 0.07
30 7.82 £+ 0.58 11.18 = 0.70 10.98 + 0.73 —1.66 +1.31 0.48 4+ 0.08
40 7.87 +0.54 11.38 + 0.88 11.23 + 0.86 —1.74 + 0.64 0.46 4+ 0.10

At the directly matched 24-dimensional setting, PCA outperformed RFE across all
reported mean metrics, reducing MAE from 12.29 to 10.70 mmHg for SBP and from 8.64 to
7.55 mmHg for DBP. However, the relative advantage depended on BP type and dimension-
ality; for example, at five dimensions RFE achieved a lower DBP MAE than PCA. Overall,
PCA showed more consistently favorable performance, particularly for SBP. Although
the 24-dimensional PCA representation produced the strongest numerical performance
for several metrics, the 15-dimensional representation retained competitive SBP and DBP
performance with a substantially smaller input dimension and was therefore selected as
the final reduced representation. Interestingly, 15 dimensions also corresponded to the first
point at which the CEV reached approximately 0.99, suggesting the possibility of using a
CEV-based threshold as a quantitative criterion for selecting the reduced dimension.
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Figure 6 presents the regression and Bland—Altman plots for the representative 24-
dimensional PCA run. The regression plots show R = 0.60 for SBP and R = 0.58 for DBP. The
mean differences were —4.00 and —0.88 mmHg, with 95% LoA of —30.82 to 22.815 mmHg
and —20.70 to 18.945 mmHg, respectively. Compared with the regression plots for the
original 52-dimensional feature representation shown in Figure 5, the 24-dimensional
PCA representation used fewer input dimensions while showing a closer concentration
of the estimated values around the identity line. The Bland—Altman plots in Figure 6 also
showed narrower limits of agreement than those of the 52-dimensional representation in
Figure 5. These observations indicate that dimensionality reduction can improve estimation
performance even with a substantially smaller input representation. This result further
suggests that, when high-dimensional feature vectors are used, identifying an appropriate
reduced dimension can be important for retaining informative structure while removing
redundant information.

Additionally, to examine how strongly each original feature is represented in the re-
tained PCA space, we visualized the feature contributions described in Section 2.3. Figure 7
shows that the original morphological features were not represented equally within the
retained PCA space. Among the 52 features, A"/ Ag‘mt exhibited the largest contribution,
while relatively high values were also observed for A5 — AL, Ag /A%, heart rate, AZ, Af/ A,
and Aj. These results suggest that amplitude-related and derivative-based morphological
characteristics were more strongly represented in the variance preserved by the retained
principal components, whereas several width-based and temporal-ratio features showed
comparatively lower contributions. These contribution values indicate how strongly each
original feature is represented in the PCA-preserved variance of the present dataset and
do not directly indicate its importance for BP estimation. The contribution pattern may
also change when a different dataset or population is used, as PCA is determined by the
variance and covariance structure of the input data.
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Figure 7. Heatmap of feature contributions for the original 52 morphological features in the 24-
dimensional PCA space, with contribution values shown on a logarithmic scale.

5. Discussion

We conducted a series of evaluations to identify an effective morphological feature
representation for contactless BP estimation using rPPG, and the experimental results
demonstrated the feasibility of the proposed approach. The morphological feature repre-
sentation was more effective than the rPPG signal, while the model comparisons showed
that estimation performance also depended on the model architecture and capacity. The
PCA analysis further demonstrated that competitive performance could be retained with
a substantially smaller feature representation, highlighting the importance of selecting
an appropriate feature space. In addition, the measurement-free and measurement-based
baselines provided complementary references for evaluating whether the model captures
BP-related information beyond average BP levels and temporal persistence.

The first major finding is that the structured morphological feature representation was
more effective than directly using the resampled rPPG waveform under the same sequential
architecture and training protocol. The present estimation accuracy did not satisfy the BHS
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Grade C or AAMI/ESH/ISO numerical criteria; however, these criteria are included only as
clinical references because the present study does not meet the requirements for formal BP
device validation. Nevertheless, the results demonstrated the feasibility of morphological
feature-based BP estimation. This finding was further supported by comparison with
previous camera-based BP studies, where the present feature-based approach showed
favorable performance relative to the AlexNet and ResNet models of Schrumpf et al.,
despite their use of large-scale contact-PPG pretraining before transfer to the same rPPG
dataset. The baseline analyses provided a more cautious interpretation: weak subject-mean-
centered correlations and the strong measurement-based last-known-BP reference indicate
that reliable dynamic within-subject tracking was not achieved. Even so, the proposed
model outperformed the global-mean baseline and the per-subject-mean baseline for a
majority of subjects, suggesting that the estimated BP was not determined solely by overall
or subject-specific average BP levels. These findings support the feasibility of extracting
additional BP-related information from morphological rPPG features.

The model comparisons further showed that the effectiveness of the morphological
feature representation depends on what model is used. The recurrent deep-learning models
generally showed more favorable estimation performance than the conventional MLP
and SVR models, supporting the use of sequential modeling for the cycle-level feature
sequences. However, the full recurrent architecture was not uniformly superior. Remov-
ing the attention layer slightly improved several metrics, whereas removing the BILSTM
produced mixed changes while substantially reducing the number of model parameters.
Removing both components generally degraded MAE compared with the other recurrent
configurations. These findings indicate that increasing architectural complexity does not
necessarily improve BP estimation and that model selection should consider both esti-
mation performance and model capacity. In this study, the comparison of conventional
models and recurrent ablations therefore served not only to justify the use of sequential
learning, but also to examine which architectural choices are appropriate for the proposed
feature representation.

The dimensionality analysis provided another important finding regarding the con-
struction of an effective morphological feature representation. PCA and RFE showed
different behavior across BP types and feature dimensions, indicating that the choice of
reduced representation should be evaluated rather than assumed. In the present study,
PCA provided more consistently favorable results, and the 15-dimensional representation
was selected as a compact input while maintaining competitive estimation performance.
The fact that this dimension also corresponded to the first CEV value of approximately
0.99 suggests that a variance-based criterion may be useful when selecting an effective
feature dimension. Overall, these findings indicate that retaining all original features is
not necessarily beneficial and that an appropriate feature-space size should be considered
when using high-dimensional morphological descriptors. The feature-contribution analysis
further showed how the original features were represented within the retained PCA space,
although these contributions are dataset-dependent and do not directly represent their
importance for BP estimation.

The baseline analysis also suggests a useful direction for evaluating feature-based
BP estimation methods. The global-mean and per-subject-mean baselines were used as
measurement-free measurement-based references to determine whether a model performs
beyond the overall BP distribution or the average BP level of an individual. In contrast, the
last-known-BP baseline was treated as a measurement-based reference because it directly
requires a specific previously measured BP value from the same subject. These references
therefore evaluate different aspects of the estimation problem. Measurement-based base-
lines help determine whether a model is doing more than reproducing an average BP level,

https:/ /doi.org/10.3390/ electronics15173864


https://doi.org/10.3390/electronics15173864

Electronics 2026, 15, 3864

23 of 26

whereas the last-known-BP reference evaluates whether the model can provide information
beyond the temporal persistence of a recent BP measurement. The strong performance of
the latter is understandable because BP often changes gradually over short periods; how-
ever, a fixed previous measurement cannot reflect a subsequent increase or decrease until a
new BP measurement becomes available. A signal-based estimator is ultimately intended
to capture such changes directly from physiological information. The present model did not
demonstrate this capability sufficiently, but this comparison shows why measurement-free
and measurement-based references should be distinguished rather than interpreted as
equivalent baselines. Together with conventional absolute accuracy criteria such as BHS
and AAMI/ESH/ISO, reporting these simple data-dependent references may provide a
more informative basis for interpreting BP estimation performance across different datasets
and experimental protocols.

Several limitations should be considered when interpreting these findings. The number
of subjects was limited, and the LOSO results showed that performance varied considerably
across unseen subjects, indicating that subject-independent generalization remains sub-
stantially more difficult than calibration-based estimation. More importantly, the dataset
contained limited diversity in within-subject BP changes. Although the overall BP range
was not extremely narrow, several subjects exhibited only small temporal BP variations,
providing relatively few examples from which the model could learn substantial increases
or decreases in BP. This limitation may also help explain the strong performance of the
last-known-BP reference. The comparison with previous studies further supports the im-
portance of dataset characteristics: Rong and Li obtained favorable performance using a
relatively simple SVR model but trained and evaluated it on a considerably larger cohort
with a broad BP distribution. Although differences in experimental protocols prevent a
direct attribution of the performance difference to dataset size alone, this comparison
suggests that the amount and diversity of BP data can be at least as important as model
complexity. In addition, the strict morphological-feature extraction procedure excluded
a large proportion of cardiac cycles and may have biased the usable data toward cleaner
pulse morphologies. Future work should therefore focus on larger datasets containing
broader and more diverse within-subject BP changes, more robust morphological-feature
extraction with reduced data loss, and evaluation against both measurement-free and
measurement-based references. Such evaluations will be necessary to determine whether
morphological rPPG features can support reliable subject-independent estimation and,
more importantly, capture meaningful BP changes over time.

6. Conclusions

This study evaluated a sequential deep learning framework for contactless BP esti-
mation using 52 morphological features extracted from rPPG, rPPG/, and rPPG”. Under
the temporally separated calibration-based split, the unreduced feature model achieved
mean MAEs of 11.45 mmHg for SBP and 8.15 mmHg for DBP and outperformed direct
rPPG signal input across MAE, RMSE, error SD, and correlation. It also improved MAE
relative to the global-mean baseline, although improvements over the per-subject-mean
baseline were not consistent across all subjects.

Across the dimensionality-reduction experiments, the 24-dimensional PCA representa-
tion produced the strongest overall numerical performance for several metrics, with MAEs
of 10.70 mmHg for SBP and 7.55 mmHg for DBP. The 15-dimensional PCA representation
retained approximately 99% of the cumulative explained variance and competitive per-
formance for both BP targets while using fewer dimensions, and was therefore selected
as the final compact representation. The recurrent ablation results were metric-dependent,
while LOSO validation showed broad subject-wise error ranges and large biases in several
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held-out subjects. Overall, the results support PCA-compressed handcrafted rPPG features
as a structured representation for contactless BP estimation, while larger datasets with
greater within-subject BP variation are required to establish robust generalization and
dynamic BP tracking.
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