
Academic Editor: George Angelos

Papadopoulos

Received: 20 July 2026

Revised: 25 August 2026

Accepted: 25 August 2026

Published: 27 August 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

A Pulse-Feature LSTM Framework with Temporal
Variance-Based Prediction Filtering for rPPG-Based Blood
Pressure Estimation
Dogyun Park 1,† , Hyojin Jo 1,† and Nam Kyu Kwon 2,*

1 Department of Robotics and AI Convergence, Yeungnam University, Gyeongsan-si 38541, Republic of Korea;
parkdk4634@yu.ac.kr (D.P.); hynn0254@yu.ac.kr (H.J.)

2 Department of Electronic Engineering, Yeungnam University, Gyeongsan-si 38541, Republic of Korea
* Correspondence: namkyu@yu.ac.kr
† These authors contributed equally to this work.

Abstract

Non-contact blood pressure (BP) estimation from remote photoplethysmography (rPPG)
can yield unstable window-level predictions. This study combines a pulse-feature long
short-term memory (LSTM) estimator with temporal variance-based prediction filtering.
Fifty-two features from the rPPG waveform and its first and second derivatives were
arranged into sliding-window sequences for systolic BP (SBP) and diastolic BP (DBP)
estimation. The filter selects locally stable predictions from temporally ordered prediction
sequences without using ground-truth BP values. Performance was first assessed in
10 repeated subject-dependent randomized-block experiments. Filtering reduced the SBP
mean absolute error (MAE) from 7.04 ± 1.52 to 5.34 ± 1.62 mmHg and the DBP MAE from
4.63 ± 1.32 to 3.07 ± 0.97 mmHg while retaining 76.39 ± 7.59% of predictions. A subject-
specific mean predictor was also competitive under the subject-dependent setting and
achieved lower DBP MAE at full coverage than the filtered LSTM. Chronological rolling-
origin and leave-one-subject-out (LOSO) evaluations further showed that the improvement
persisted for later intervals from the same subjects but not for unseen subjects. Because the
filter operates only on model outputs, it requires neither additional trainable parameters
nor model retraining. These findings show a low-overhead accuracy–coverage trade-off
for within-subject rPPG-based BP estimation, while subject-independent generalization
remains limited.

Keywords: remote photoplethysmography; blood pressure estimation; long short-term
memory; temporal variance-based filtering; prediction-level post-processing; prediction
coverage

1. Introduction
Blood pressure (BP) is a key physiological indicator used in various medical settings,

including early diagnosis of cardiovascular diseases, chronic disease management, postopera-
tive monitoring, and intensive care. In particular, changes in systolic blood pressure (SBP) and
diastolic blood pressure (DBP) are closely associated with vascular elasticity, cardiac output,
peripheral resistance, and autonomic nervous system responses. Therefore, it is important to
monitor not only single-point BP measurements but also their temporal variations. However,
cuff-based BP measurement methods, which are widely used in clinical and daily settings,
provide measurements only at limited time points, cause user discomfort during repeated
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measurements, and have limitations in long-term continuous monitoring or observing BP
changes during natural daily activities [1,2]. For these reasons, there has been growing interest
in non-invasive and non-contact BP monitoring technologies that can continuously estimate
BP while reducing the burden of sensor attachment.

Photoplethysmography (PPG) is a physiological signal that measures changes in
reflected or transmitted light from the skin caused by variations in blood volume, and
it contains various types of information related to cardiovascular status [3]. Previous
studies have extracted morphological features, temporal features, area-related features,
and features based on the first and second derivatives from contact PPG signals, and have
used them as inputs to machine learning or deep learning models for BP estimation [4–11].
Since the PPG waveform contains information related to pulse wave propagation, vascular
elasticity, and reflected wave characteristics, it has been actively used as an input signal for
estimating SBP and DBP [4,5,12,13]. However, contact PPG requires sensors to be attached
to specific body sites, such as the finger, wrist, or earlobe. Long-term use may cause
discomfort, variations in contact pressure, and motion-induced signal distortion. Therefore,
for fully contactless physiological signal measurement and long-term monitoring in daily
environments, new approaches that can replace or complement contact PPG are needed.

Remote photoplethysmography (rPPG) is a technique that recovers pulse wave signals
associated with blood flow changes by analyzing subtle skin color variations in camera
images [14–16]. Since rPPG enables physiological signals to be estimated from facial videos
without requiring contact sensors, its potential has been investigated in various applications,
including non-contact heart rate estimation, respiration monitoring, stress analysis, and BP
estimation. In particular, camera-based measurement can reduce behavioral constraints
on users and can utilize existing imaging devices, making it suitable for remote healthcare
and non-contact physiological monitoring. However, compared with contact PPG, rPPG
signals are more sensitive to measurement conditions such as illumination changes, facial
motion, region of interest (ROI) selection, and video-related noise [17–20]. Consequently,
rPPG-based BP estimation may suffer not only from degraded input signal quality but
also from abnormal fluctuations in some of the continuous BP predictions generated by
the model.

Recent studies on non-invasive BP estimation using optical pulse signals have explored
both contact PPG-based and camera-based rPPG-based approaches. PPG-based studies
have investigated handcrafted waveform features, derivative-based features, and deep
learning models such as convolutional neural networks, recurrent neural networks, and
attention-based architectures for SBP and DBP estimation [4,5,12,21–26]. In parallel, camera-
based studies have attempted to estimate BP or BP-related physiological information
directly from facial videos or rPPG signals, including facial video-based BP estimation,
transdermal optical imaging, and transfer learning from PPG to rPPG [27–29]. These
studies have mainly focused on which input representation to use, which neural network
architecture to apply, or how long the input observation window should be. In addition,
changing the observation time and estimation interval affects the temporal information
and overlap of the input sequence, which can alter BP estimation performance even when
the same features and model architecture are used. These studies have demonstrated the
importance of input time-series construction in rPPG-based BP estimation.

However, from the perspective of continuous monitoring, the average estimation
accuracy of a model alone is not sufficient. Even if a BP estimation model shows a low
overall mean error, some predictions may deviate substantially at specific windows. In
particular, rPPG-based BP estimation often generates predictions repeatedly from multiple
overlapping windows. Therefore, the final output can be interpreted not as a single
prediction but as a window-level prediction sequence arranged in temporal order. Since
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adjacent windows share a considerable portion of the same or similar rPPG segments,
predicted BP values are expected to show low temporal variance within a short time
interval in which no large physiological change occurs. Conversely, if adjacent predictions
fluctuate excessively within a short interval, the predictions in the corresponding segment
may have reduced temporal stability due to degraded signal quality, motion, illumination
changes, or unstable model responses.

From this perspective, rPPG-based BP estimation systems require not only input signal
processing and model training but also a procedure for evaluating the temporal variability
in predictions after model output. Conventional post-processing methods, such as simple
moving average, low-pass filtering, and median filtering, can be considered to smooth
prediction values. However, these methods transform all predictions uniformly, making it
difficult to distinguish actual BP changes from unstable prediction errors. In addition, an
abnormal prediction generated at a specific window may influence neighboring predictions.
Although simple smoothing can reduce the visual variability in final predictions, it does
not provide an explicit criterion for determining which predictions are temporally stable or
which predictions should be excluded from evaluation. Therefore, for continuous rPPG-
based BP estimation results, a temporal variance-based post-processing strategy is needed
to select stable prediction segments, rather than simply correcting prediction values.

Selective prediction, also described as prediction with a reject option, evaluates estima-
tion error together with the proportion of outputs retained [30,31]. In physiological-signal
processing, PPG and rPPG signal-quality indices (SQIs) provide an input-level rejection
strategy based on waveform morphology or template similarity [32,33]. Input-level SQIs
assess signal quality before BP estimation, whereas output-level selection evaluates the
temporal behavior of the prediction sequence after estimation.

Motivated by this distinction, this study proposes a prediction-level filtering method
based on temporal variance for the window-level SBP and DBP predictions generated by
the rPPG pulse-feature long short-term memory (LSTM) model. Rather than smoothing
all predictions, the method arranges each subject’s predictions in temporal order and
examines the variance within short, overlapping chunks of consecutive predictions. Low-
variance chunks contribute keep candidates, whereas high-variance chunks are examined
through one-point removal analysis to identify removal candidates. Because each prediction
may belong to several overlapping chunks, the keep and removal candidate counts are
accumulated for each prediction, and a prediction is selected as temporally stable when
its keep candidate count exceeds its removal candidate count. The procedure is applied
separately to SBP and DBP, and only predictions selected for both are retained. The
filtering process uses only the model outputs; ground-truth BP values are used only for
performance evaluation. It introduces no additional trainable parameters and does not
require modification or retraining of the estimator.

The main contributions of this study are twofold. First, a temporal variance-based
filtering method is proposed for window-level SBP and DBP sequences by comparing
accumulated keep and removal candidate counts across overlapping prediction chunks.
The method uses only the model outputs and requires neither ground-truth BP values
during selection nor model retraining. Second, the filtering method is evaluated un-
der subject-dependent, chronological, and subject-independent protocols together with
coverage-matched controls, input-level SQI rejection, and alternative regression backbones.
Parameter sensitivity, per-subject behavior, agreement, and computational cost are also
analyzed to clarify its accuracy–coverage trade-off and practical scope.
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2. Materials and Methods
The overall framework of this study consists of two main components: an rPPG pulse-

feature LSTM model for window-level SBP and DBP estimation, and temporal variance-
based prediction filtering for selecting temporally stable predictions from the model outputs.
In the first component, pulse-level features are extracted from rPPG signals and their first
and second derivatives, arranged as sliding-window sequences, and used as inputs to
the LSTM-based BP estimation model. In the second component, the resulting window-
level predictions are rearranged into subject-specific prediction sequences, and temporally
unstable predictions are selectively excluded using a temporal variance-based criterion.

Specifically, pulse-level features were extracted from the rPPG signal segments of each
subject, and 52-dimensional feature vectors were constructed using the original rPPG signal
and its first and second derivatives. The extracted feature vectors were arranged in temporal
order to form a subject-specific rPPG feature sequence, which was then converted into
input windows for the LSTM model using a sliding-window approach. Each input window
was used as the basic unit for generating one SBP prediction and one DBP prediction,
and the ground truth corresponding to each window was defined as the average of the
SBP and DBP values included in that window. The predictions generated by the trained
pulse-feature LSTM model for the test windows were defined as raw predictions, and these
predictions were rearranged in temporal order for each subject to construct window-level
prediction sequences. Finally, temporal variance-based filtering was applied to the same
prediction sequences to select filtered predictions, and the performance of the raw and
filtered predictions was compared. The overall procedure is illustrated in Figure 1.

Figure 1. Overall framework of the proposed rPPG-based blood pressure estimation and post-
processing pipeline. The framework consists of signal processing, prediction, and post-processing
stages. Pulse-level features are extracted from rPPG signal segments and converted into sliding-
window input sequences for the pulse-feature LSTM model. The resulting subject-specific SBP and
DBP raw prediction sequences are then processed using temporal variance-based filtering to obtain
the retained prediction subset for performance evaluation. Dashed borders delineate the signal-
processing, prediction, and post-processing stages; dashed window outlines illustrate overlapping
sliding windows, and point markers indicate waveform landmarks used for pulse-feature extraction.

2.1. Dataset and Preprocessing

This study used a public rPPG-based blood pressure dataset collected at Leipzig
University Hospital [29,34,35]. The dataset was constructed from facial videos of patients,
and RGB videos were acquired from regions of interest that included the forehead and cheek
areas. The rPPG signals were extracted from the facial videos using the Plane-Orthogonal-
to-Skin (POS) algorithm [16], and the corresponding SBP and DBP values were provided
as ground truth for the same recording intervals [29,34]. The rPPG signals included in the
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dataset were provided after basic signal processing. Specifically, a fourth-order Butterworth
band-pass filter with a passband of 0.5–8.0 Hz was applied to the rPPG signals, and signal
segments with a signal-to-noise ratio (SNR) below −7 dB were excluded from the analysis to
remove low-quality signal intervals. The data used in this study contained 17 subjects and
7851 seven-second rPPG records after this screening. The preprocessed rPPG signals and
their corresponding SBP and DBP values were used for feature extraction, BP estimation
model training, and prediction-level post-processing evaluation.

Before feature extraction for BP estimation, normalization was applied at the rPPG
signal segment level to reduce amplitude differences that may vary across subjects and
recording intervals. The normalization was not performed independently for each pulse,
but rather over the entire rPPG signal segment before pulse segmentation. This procedure
was intended to reduce the excessive influence of absolute amplitude differences caused by
recording conditions, ROI selection, and skin reflectance on the feature extraction process.
The normalization of each rPPG signal segment was performed using min–max scaling
with a small positive offset:

r̃k[n] =
rk[n]− min

x
rk[x] + ϵ

max
x

rk[x]− min
x

rk[x] + ϵ
. (1)

Here, rk[n] denotes the n-th sample of the k-th rPPG signal segment, and r̃k[n] denotes
the normalized rPPG sample. min

x
rk[x] and max

x
rk[x] represent the minimum and maxi-

mum values, respectively, computed over all sample indices x included in the k-th rPPG
signal segment. ϵ is a small positive offset and was set to ϵ = 10−5 in this study. The
offset was added to both the numerator and denominator so that the minimum normalized
sample remained slightly above zero, thereby avoiding exact-zero values in subsequent
ratio-based feature calculations.

Because feature extraction was performed after segment-level normalization, temporal
features such as pulse interval, waveform width, width ratio, and landmark timing were
preserved. Features related to amplitude, area, and derivative amplitude represented
relative waveform characteristics within each normalized segment rather than absolute op-
tical intensity. Consequently, absolute optical-intensity information and between-segment
amplitude-scale differences were not preserved by the segment-level normalization. Since
the extracted features have different physical meanings and numerical ranges, feature-level
min–max normalization was additionally applied before using them as inputs to the LSTM
model. The target SBP and DBP values were also used in a normalized range during model
training, and the normalized predictions generated by the model were restored to mmHg
units during the performance evaluation stage.

2.2. rPPG Feature Extraction

In this study, pulse-level features for BP estimation were extracted from the normalized
rPPG signal segments. Since an rPPG pulse reflects peripheral blood volume changes
associated with cardiac activity, its morphology, temporal structure, area, and rising and
falling characteristics may contain information related to BP variation. Accordingly, a total
of 52 pulse-level morphological features were constructed for each pulse using the original
rPPG waveform, its first derivative, and its second derivative, following the PPG feature
extraction strategy reported in a previous PPG-based BP estimation study [12]. The original
waveform, first derivative, and second derivative were used to describe pulse morphology
and timing, rate of change, and waveform curvature, respectively. The main waveform
landmarks and feature composition extracted from each signal are illustrated in Figure 2.
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Figure 2. Illustration of pulse-level feature extraction from the normalized rPPG waveform and its
first and second derivatives. The 52-dimensional feature vector consists of 34 features extracted from
the original rPPG waveform, 5 features extracted from the first derivative, and 13 features extracted
from the second derivative.

After detecting valleys in the normalized rPPG signal segment, the interval between
two adjacent valleys was defined as one pulse. From each pulse, features representing
the morphology and temporal structure of the rPPG waveform were extracted, including
the systolic peak, pulse interval, systolic upstroke time, diastolic time, pulse area, and
PPG intensity ratio. In addition, to quantify the rising and falling characteristics of each
pulse, multiple amplitude levels were defined based on the amplitude difference between
the systolic peak and the pulse minimum, and the systolic width, diastolic width, and
width ratio at each level were calculated. To further incorporate information on the rate of
change and curvature of the pulse waveform, additional features were extracted from the
first and second derivative signals. From the first derivative signal, peak amplitude and
timing information related to the rapid upstroke of the pulse were used. From the second
derivative signal, the amplitudes, temporal locations, and ratios of major peaks and valleys
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were used. Through this process, not only the overall morphology of the rPPG pulse but
also its rising velocity and curvature changes were represented.

Finally, each valid pulse was represented as a 52-dimensional feature vector. This
feature vector consisted of 34 features derived from the original rPPG waveform, 5 features
derived from the first derivative, and 13 features derived from the second derivative. Dur-
ing feature extraction, pulses for which the systolic peak, valley, width crossing points,
or major peaks and valleys in the derivative signals could not be reliably detected were
excluded. This was performed to prevent abnormal features computed from incomplete
pulses from affecting the subsequent LSTM model training and prediction-level filtering
evaluation. Across the 17 subjects, 111,868 valley-to-valley candidate pulse intervals were
detected. Among them, 27,135 intervals yielded complete 52-dimensional feature vectors,
whereas 84,733 intervals (75.74%) were excluded because one or more landmarks required
for feature extraction could not be detected. Because only pulses with complete landmark
information were retained for feature extraction, the subsequent window construction and
SQI evaluation were performed on a subset that had already been screened for landmark de-
tectability. The reference SBP and DBP values corresponding to the 27,135 complete feature
vectors ranged from 92.86 to 165.00 mmHg and from 41.00 to 85.00 mmHg, respectively.

2.3. Window-Based Sequence Construction

The pulse-level feature vectors obtained through rPPG feature extraction form a
feature sequence arranged in temporal order. In this study, a sliding-window approach
was applied to use this feature sequence as the input to the LSTM model. Each feature
vector consists of 52-dimensional features extracted from one valid rPPG pulse, and each
input window contains multiple temporally consecutive feature vectors. For subject u, the
feature sequence arranged in temporal order is expressed as follows:

Fu = [fu,1, fu,2, . . . , fu,Nu ], fu,t ∈ R52. (2)

Here, fu,t denotes the 52-dimensional feature vector extracted from the t-th pulse of
subject u, and Nu denotes the total number of available feature vectors for that subject.

In this study, the window size W denotes the number of consecutive feature vectors
included in one input window, which corresponds to the number of time steps in the LSTM
input structure. In the remainder of this paper, the length of the input sequence is referred
to as the window size. The stride S is defined as the interval, in units of feature vectors,
between the starting positions of two adjacent input windows. In this study, W = 40
and S = 10 were used, resulting in a 75% overlap between adjacent windows. Based on
the detected pulse intervals, a 40-pulse window and a 10-pulse stride corresponded to
cumulative pulse durations of 30.26 ± 6.22 s and 7.56 ± 1.64 s, respectively. These settings
were fixed for all subsequent analyses. Letting k denote the window index, the starting
index ak of the k-th input window is defined as follows:

ak = 1 + kS. (3)

Here, k = 0, 1, . . . , ⌊(Nu − W)/S⌋, so the first window begins at a0 = 1. Accordingly,
the k-th input window of subject u is constructed as follows:

Xu,k =
[
fu,ak , fu,ak+1, . . . , fu,ak+W−1

]
, Xu,k ∈ RW×52. (4)

Here, Xu,k denotes the k-th window sequence used as the input to the LSTM model.
Each input window consists of W consecutive feature vectors, and each feature vector is
52-dimensional. Therefore, under the settings used in this study, each input window is
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represented as a 40 × 52 sequence. A window is generated only when ak + W − 1 ≤ Nu is
satisfied. The BP label corresponding to each input window was defined as the average of
the SBP and DBP values included in that window:

yu,k =
[
ySBP

u,k , yDBP
u,k

]
=

1
W

ak+W−1

∑
t=ak

[
ySBP

u,t , yDBP
u,t

]
, yu,k ∈ R2. (5)

Here, yu,k denotes the window-level BP label corresponding to the k-th input window.
ySBP

u,t and yDBP
u,t denote the SBP and DBP values corresponding to the t-th feature vector of

subject u, respectively. Thus, the LSTM model was trained to simultaneously predict one
SBP value and one DBP value from each input window.

2.4. rPPG Pulse-Feature LSTM Model for Blood Pressure Estimation

In this study, an rPPG pulse-feature LSTM model was constructed to simultaneously
estimate SBP and DBP using the feature sequences generated through window-based sequence
construction. The model uses 52-dimensional pulse-level features extracted from the original
rPPG waveform and its first and second derivatives, and generates one window-level SBP
prediction and one window-level DBP prediction from each input sequence. These window-
level predictions are subsequently rearranged into subject-specific prediction sequences and
used as the input to temporal variance-based prediction filtering. The input to the model is
an rPPG feature sequence corresponding to one input window. As described in the previous
section, each input window consists of 40 consecutive feature vectors, and each feature vector
is 52-dimensional. Thus, one sample is represented as a 40× 52 sequence, and the actual input
shape for batch-based model training is (batch size, 40, 52). Based on this input sequence, the
model outputs one SBP value and one DBP value corresponding to the window. The overall
architecture of the rPPG pulse-feature LSTM model is shown in Figure 3.

Figure 3. Architecture of the rPPG pulse-feature LSTM-based blood pressure estimation model. The
model receives a 40 × 52 rPPG feature sequence as input and processes it through a bidirectional
LSTM layer, stacked LSTM layers, an attention layer, and a dense layer to generate window-level SBP
and DBP predictions. Colors distinguish the major network components, horizontal arrows indicate
information flow between components, and vertical arrows within the recurrent blocks represent
temporal recurrence.

The network first processes the input sequence in both forward and backward di-
rections using a bidirectional LSTM (BiLSTM) layer [36,37]. This allows the model to
incorporate information from both earlier and later pulses within the window. Subse-
quently, multiple unidirectional LSTM layers were sequentially stacked to progressively
extract temporal patterns in the sequence. In the current implementation, LSTM layers with
256, 128, and 64 units were used after the BiLSTM layer. Dropout with a rate of 0.3 was
applied after the BiLSTM layer and each subsequent LSTM layer to reduce overfitting [38].
The output of the LSTM stack was then passed to an attention layer. The attention layer
computes weights that indicate the contribution of each sequence position within the win-
dow to the final BP estimation and summarizes the entire sequence into a context vector
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using these weights [39]. Unlike using only the last LSTM output or averaging the entire
sequence, the attention mechanism can assign greater importance to relatively informative
time positions within the window. The context vector generated by the attention layer is
passed through a dense layer and then to the final output layer. The final output layer
generates two continuous values, corresponding to the window-level SBP prediction and
DBP prediction. During training, normalized SBP and DBP values were used as targets,
and during performance evaluation, the model outputs were restored to mmHg units.

For model training, mean squared error was used as the loss function, and Adam
was used as the optimizer [40]. The learning rate was set to 0.0001, the batch size was 16,
and the maximum number of training epochs was set to 300. During training, the model
with the lowest validation loss was saved and used to generate test predictions. After
training, the model predicted SBP and DBP for each input window in the test set. The
predictions generated by the model before post-processing were defined as raw predictions.
These raw predictions were then arranged in temporal order for each subject to construct
prediction sequences, which were used as the input to the proposed temporal variance-
based filtering. The estimator architecture and input settings were held fixed in all post-
processing experiments.

2.5. Subject-Specific Prediction Sequence Construction

The proposed temporal variance-based filtering does not evaluate each window pre-
diction independently; instead, it uses the variability in consecutive predictions arranged in
temporal order. Therefore, the raw predictions generated by the LSTM model for each input
window in the test set must first be reconstructed into subject-specific prediction sequences.

The trained pulse-feature LSTM model outputs one SBP prediction and one DBP
prediction for each input window in the test set. Each prediction is associated with the
temporal position of the corresponding window in the rPPG feature sequence. When
generating the test windows, the subject ID, the block group to which the window belongs,
and the start and end positions of the window were stored together. These values were
used to arrange the model outputs in temporal order for each subject. For subject u, the
window-level raw predictions generated from the test set can be arranged in temporal
order to construct the following prediction sequence:

P̂u = [ŷu,1, ŷu,2, . . . , ŷu,Mu ]. (6)

Here, P̂u denotes the window-level prediction sequence of subject u, and Mu denotes
the number of test predictions generated for that subject. ŷu,j denotes the raw prediction
for the j-th test window and consists of the SBP and DBP predictions:

ŷu,j =
[
ŷSBP

u,j , ŷDBP
u,j

]
. (7)

Here, ŷSBP
u,j and ŷDBP

u,j denote the SBP and DBP predictions for the j-th window, respec-
tively. These predictions are the raw predictions before post-processing and are used as the
input to the subsequent temporal variance-based filtering.

2.6. Temporal Variance-Based Prediction Filtering

Temporal variance-based filtering was applied to the subject-specific window-level
prediction sequences. The proposed method is based on the assumption that if consecutive
BP predictions fluctuate excessively within a short interval, the corresponding segment is
likely to contain temporally unstable predictions. In general, BP is not expected to change
abruptly by a large amount over a very short time interval. Therefore, when temporally
adjacent window-level predictions show a large variance, the corresponding segment can
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be regarded as an unstable prediction interval. Let q ∈ {SBP, DBP} denote the BP indicator.
For subject u, the prediction sequence for BP indicator q can be expressed as follows:

p̂q
u =

[
ŷq

u,1, ŷq
u,2, . . . , ŷq

u,Mu

]
. (8)

Here, p̂q
u denotes the sequence of window-level raw predictions arranged in temporal

order, and Mu denotes the number of test predictions generated for the subject. Filtering
was performed using predictions restored to mmHg units rather than normalized values.

The overall procedure of the proposed temporal variance-based prediction filtering
method is illustrated in Figure 4. Overlapping chunks are generated from the temporally
ordered prediction sequence, and keep candidates and removal candidates are deter-
mined based on the variance of each chunk. The candidate counts accumulated across all
chunks are then compared to select stable predictions. Finally, the intersection of the stable
prediction indices selected independently for SBP and DBP is used as the final filtered
prediction set.

Figure 4. Framework of the proposed temporal variance-based prediction filtering method.
(a) A subject-specific prediction sequence is arranged in temporal order. (b) Overlapping chunks
of size C are generated with a stride of one prediction. (c) The variance of each chunk is evaluated,
and one-point removal analysis is performed when the chunk variance exceeds the threshold to
identify keep and removal candidates. (d) Candidate counts are accumulated across all chunks, and
predictions selected as stable for both SBP and DBP are included in the final filtered predictions.

First, C consecutive predictions in the prediction sequence were defined as one chunk.
The chunk size was set to C = 4, so one-point removal analysis evaluates the remaining
three predictions when a candidate is excluded. The l-th chunk is expressed as follows:

cq
u,l =

[
ŷq

u,l , ŷq
u,l+1, . . . , ŷq

u,l+C−1

]
. (9)

Since the chunks are generated by moving one prediction at a time along the prediction
sequence, a single window-level prediction can be included in multiple overlapping chunks.
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For each chunk, the prediction variance was calculated. Letting ȳq
u,l denote the mean of the

l-th chunk, the chunk variance is defined as follows:

Vq
u,l =

1
C

C−1

∑
m=0

(
ŷq

u,l+m − ȳq
u,l

)2
. (10)

To keep the stability assessment local while allowing one-point removal to leave three
predictions for reevaluation, the chunk size was set to C = 4. The variance threshold was
set to τq = 10 (mmHg)2 for both SBP and DBP, corresponding to a within-chunk standard
deviation of approximately 3.16 mmHg and serving as the local stability criterion in the
primary analysis. If Vq

u,l < τq, the predictions included in the chunk were considered to
remain stable within a short interval, and all predictions in the chunk were recorded as keep
candidates. In contrast, if Vq

u,l ≥ τq, the chunk was considered likely to contain a transiently
unstable prediction. In this case, the entire chunk was not immediately discarded. Instead,
each prediction in the chunk was removed one at a time, and the variance of the remaining
C − 1 predictions was recalculated. To compute the variance after removing the r-th
prediction, the reduced chunk obtained by excluding the prediction corresponding to local
index r from the l-th chunk is defined as follows:

cq,(−r)
u,l =

[
ŷq

u,l+m | m = 0, 1, . . . , C − 1, m ̸= r
]
, r = 0, 1, . . . , C − 1. (11)

Here, cq,(−r)
u,l denotes the reduced chunk consisting of the remaining C − 1 predictions

after excluding the prediction at the r-th position in the l-th chunk. In other words, the
removed prediction is determined not by the prediction value itself, but by the local index r
within the chunk. The r-th local index corresponds to the (l + r)-th prediction in the entire
prediction sequence. Letting ȳq,(−r)

u,l denote the mean of the reduced chunk, the variance
after removing the r-th prediction is calculated as follows:

ȳq,(−r)
u,l =

1
C − 1

C−1

∑
m=0
m ̸=r

ŷq
u,l+m, (12)

Vq,(−r)
u,l =

1
C − 1

C−1

∑
m=0
m ̸=r

(
ŷq

u,l+m − ȳq,(−r)
u,l

)2
. (13)

The same threshold was applied before and after one-point removal because the re-
maining predictions were evaluated using the same operational definition of local stability;
the two variances were not compared as sample-size-adjusted statistical estimators.

Since the chunk size was set to C = 4, the mean and variance were recalculated
using the remaining three predictions after one prediction was removed. If the variance of
the remaining predictions decreased to or below the threshold after removing a specific
prediction, the removed prediction was recorded as a removal candidate for that chunk.
The set of feasible removal candidates is defined as follows:

Rq
u,l =

{
r ∈ {0, 1, . . . , C − 1} | Vq,(−r)

u,l ≤ τq

}
. (14)

If Rq
u,l is not empty, the removal candidate is selected as follows:

r∗ = arg min
r∈Rq

u,l

Vq,(−r)
u,l . (15)
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Here, r∗ denotes the local index selected as the removal candidate in the chunk. If
Rq

u,l is not empty, ŷq
u,l+r∗ is recorded as a removal candidate and the remaining predictions

are recorded as keep candidates. If Rq
u,l is empty, no single prediction can reduce the

remaining variance to the stability threshold; therefore, all predictions in the chunk are
recorded as removal candidates. This chunk-level decision was performed independently
for the SBP prediction sequence and the DBP prediction sequence. Accordingly, the keep
candidate count and removal candidate count were accumulated for each prediction. Let
Kq

u,j and Rq
u,j denote the keep candidate count and removal candidate count of the j-th

prediction, respectively. The prediction was selected as a stable prediction when the
following condition was satisfied:

Kq
u,j > Rq

u,j. (16)

That is, a prediction was regarded as temporally stable when it was selected as a
keep candidate more often than as a removal candidate across the chunks in which it
was included.

Finally, the stable predictions selected for SBP and DBP were jointly considered. Let
ISBP

u and IDBP
u denote the sets of stable prediction indices selected based on SBP and DBP,

respectively. The final filtered prediction index set is defined as follows:

Ifinal
u = ISBP

u ∩ IDBP
u . (17)

Thus, the final filtered predictions consist only of window-level predictions judged to
be stable for both SBP and DBP:

P̂filtered
u =

{
ŷu,j | j ∈ Ifinal

u

}
. (18)

Here, ŷu,j denotes the prediction vector containing both the SBP and DBP raw predic-
tions for the j-th window. In other words, if a window-level prediction was judged to be
stable for only SBP or only DBP, it was not included in the final filtered prediction set.

The proposed filtering process does not use ground-truth BP values. Whether a
prediction is kept or excluded is determined solely based on the temporal variability in
the SBP and DBP prediction sequences generated by the model. Ground-truth values
are used only in the evaluation stage after post-processing is completed to compare the
performance of raw and filtered predictions. Therefore, the proposed method can be
applied in practical settings using only continuously generated window-level predictions.
Its output is a binary keep-or-discard decision rather than a continuous reliability score or
calibrated confidence value.

3. Results
3.1. Experimental Setup and Evaluation Protocol
3.1.1. Primary Subject-Dependent Protocol

To evaluate the effect of temporal variance-based filtering, raw predictions gener-
ated by the trained pulse-feature LSTM model, predictions processed by conventional
smoothing-based post-processing methods, and predictions selected by the proposed fil-
tering method were compared. The experiments were conducted by dividing the rPPG
feature sequence of each subject into blocks and constructing training, validation, and test
sets. The entire feature sequence of each subject was divided into 20 blocks in temporal
order. The block indices were then randomly shuffled, and 16 blocks were assigned to the
training set, 2 blocks to the validation set, and 2 blocks to the test set. This block-based
partitioning was designed to separate the training, validation, and evaluation intervals
within the same subject while preventing feature sequences from different sets from directly
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overlapping during sliding-window generation. Temporally consecutive blocks assigned to
each set were connected as one segment. Sliding windows were then generated only within
the segments belonging to each set, and no window was generated across the boundaries
between the training, validation, and test sets. Therefore, the test predictions consisted
only of window-level predictions generated from test blocks that were not used during
model training. The normalization parameters for the features and targets were computed
only from the training set. The same normalization criteria computed from the training
set were then applied to the validation and test sets. This procedure was used to prevent
information from the validation and test data from being reflected in the preprocessing
stage of training. The model was trained using the training set, and the model parameters
with the lowest validation loss were saved and used to generate test predictions. Because
the training and test sets contained different temporal blocks from the same subjects, this
protocol is referred to as subject-dependent evaluation.

Because the proposed filtering method uses the temporal variability in subject-specific
prediction sequences, subjects with too few test predictions are not suitable for stable
evaluation. Since the chunk size was set to C = 4, at least four test predictions are required
to construct one prediction chunk. Therefore, subjects with fewer than C test predictions
generated from the test blocks were excluded from the final evaluation. After training, the
model predicted SBP and DBP for each input window in the test set, and these predictions
were defined as raw predictions before post-processing. The raw predictions were then
arranged in temporal order for each subject, and temporal variance-based filtering was
applied to the same prediction sequence to construct the filtered predictions. Thus, the
performance difference between the raw and filtered predictions can be interpreted as
the effect of applying the post-processing step to the same model outputs, rather than as
a result of differences in model architecture or training conditions. Across the 10 repeti-
tions, 13–15 subjects contributed evaluable test prediction sequences, and 164.2 ± 4.7 test
predictions were evaluated per repetition. Across all 10 repetitions, 15 of the 17 subjects
contributed at least one evaluable test prediction sequence.

Performance evaluation was conducted separately for SBP and DBP. BP estimation
accuracy was evaluated using MAE, and the variability in the prediction error was eval-
uated using error SD. Since the proposed filtering method selects a subset of the raw
predictions, the proportion of predictions finally retained after filtering among all raw
predictions was calculated as the prediction retention ratio. To compare the proposed
method with conventional post-processing approaches, three smoothing-based methods
were additionally applied to the same subject-specific raw prediction sequences: simple
moving average, median filtering, and low-pass filtering. The simple moving average
and median filtering were applied using the same window length as the proposed chunk
size, C = 4. The low-pass filtering was implemented using a second-order Butterworth
low-pass filter with a cutoff frequency of 0.10 cycles per prediction. These conventional
smoothing-based methods were applied independently to the SBP and DBP prediction
sequences arranged in temporal order for each subject. Unlike the proposed temporal
variance-based filtering, the conventional methods modify the prediction values while
retaining all predictions; therefore, their retention ratio was set to 100%. The proposed
method, in contrast, does not modify the prediction values but selects a subset of temporally
stable predictions. To account for variability caused by random block partitioning, the
entire experiment was repeated 10 times using different random splits. In each repeated
experiment, block partitioning, normalization parameter computation, model training, test
prediction generation, post-processing, and performance evaluation were performed using
the same procedure. The final results are reported as mean ± between-run SD over the
10 repeated experiments. For each repetition, the mean and SD of the reference BP values
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were calculated over the test windows. Across the 10 repetitions, the test-set mean was
139.27 ± 2.02 mmHg for SBP and 64.93 ± 1.05 mmHg for DBP, while the within-test-set SD
was 14.63 ± 1.16 mmHg for SBP and 11.53 ± 0.54 mmHg for DBP.

3.1.2. Chronological and Subject-Independent Protocols

To evaluate prediction on chronologically later intervals, a four-fold rolling-origin
protocol was used. Fold 1 used blocks 0–9 for training, blocks 10–11 for validation, and
blocks 12–13 for testing. In the subsequent folds, the training interval was expanded to
blocks 0–11, 0–13, and 0–15, the next two blocks were used for validation, and blocks
14–15, 16–17, and 18–19 were used for testing, respectively. Scaling and model selection
were performed independently within each fold using only its training and validation
data. Because the same subjects contributed earlier training data and later test data, the
rolling-origin protocol remained subject-dependent.

Subject-independent performance was evaluated using 17-fold leave-one-subject-out
(LOSO) cross-validation. In each outer fold, one subject was held out for testing. Among the
remaining 16 subjects, 14 were used for training and two for inner validation to determine
the training duration. A new model was then fitted using all 16 non-test subjects for the
selected number of epochs and evaluated on the held-out subject. The outer test subject was
excluded from scaling, model selection, and model fitting. LOSO results were summarized
as subject-macro averages.

3.1.3. Comparison Methods and Additional Baselines

To distinguish the effect of prediction selection from prediction correction, the moving-
average, median-filter, and low-pass outputs were evaluated at the indices retained by the
proposed method. To examine the effect of reduced prediction coverage alone, a random-
rejection control retained the same number of predictions as the proposed method but
selected them uniformly at random. Random rejection was repeated 1000 times within
each repetition. A centered Hampel identifier with a five-prediction window was included
as a simple local outlier-selection baseline [41], with its retained count matched to that of
the proposed method.

For comparison with naive and lightweight estimators, a common set of 10 subject-
dependent train/validation/test splits was applied to the global training-mean predictor,
the subject-specific training-block mean predictor, Ridge regression, gradient-boosted tree
regression, and the pulse-feature LSTM. The global training-mean predictor assigned the
mean training SBP and DBP to every test window, whereas the subject-specific training-block
mean predictor assigned each subject’s mean training BP to that subject’s test windows. Ridge
regression [42] and gradient-boosted tree regression [43] used each 40× 52 sequence flattened
into a 2080-dimensional vector, with separate models for SBP and DBP. Ridge regularization
was selected from {10−4, 10−3, 10−2, 10−1, 1, 10, 100, 1000}. For gradient boosting, the num-
ber of estimators was selected from {100, 300}, the learning rate from {0.03, 0.10}, and the
maximum depth from {2, 3}, with a minimum of 10 samples per leaf. Hyperparameters were
selected using validation MAE. The temporal variance filter was then applied to the Ridge,
gradient-boosted tree, and LSTM prediction sequences.

Two input-level SQI baselines were also constructed from the available rPPG wave-
forms. For template correlation, valid training pulses were resampled to 100 points, cen-
tered, normalized to unit length, and averaged to form a training-only pulse template. The
mean pulse-to-template correlation across the 40 pulses in each input window was used
as the window-level SQI [32]. A second SQI used the median pulse skewness within each
window [33].
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For the primary comparison, each SQI rejection threshold was determined exclusively
from the validation-score distribution using 76.39% as the target retention ratio, corre-
sponding to the retention level of the primary subject-dependent experiment. The selected
threshold was then fixed and applied to the corresponding test set. To characterize the
accuracy–coverage behavior of the SQI methods, additional validation-target retention
levels ranging from 50% to 100% were evaluated. The resulting curves therefore represent
different validation-derived thresholds, while the horizontal axis reports the observed
retention ratio on the test set.

For a consistent comparison, all estimators and SQI baselines were evaluated using a
common set of 10 subject-dependent data splits so that the comparison methods shared
identical training, validation, and test partitions. The splits contained 1825.6 ± 29.9 training
windows, 163.2 ± 4.2 validation windows, and 165.5 ± 5.1 test windows per repetition.

3.1.4. Sensitivity, Statistical, and Computational Analyses

The temporal variance of the reference window labels was compared with that of the
raw predictions using the same four-prediction chunk definition. MAE and error SD were
also calculated separately for the retained and discarded subsets. Parameter sensitivity
was evaluated without retraining the estimator by reapplying the filter for C = 3, . . . , 7 and
41 logarithmically spaced thresholds from 1 to 100 (mmHg)2.

Prediction error was defined as predicted BP minus reference BP. In addition to MAE
and error SD, signed mean error (bias) and 95% limits of agreement, calculated as bias
±1.96 times the error SD, were reported and visualized using Bland–Altman analysis [44].
Paired comparisons between methods evaluated on identical splits used two-sided Wilcoxon
signed-rank tests [45], followed by Holm correction within each analysis family [46]. Per-
subject retention and MAE were also calculated to examine variation across subjects.

The GPU-based LSTM experiments were conducted in Python 3.10 using TensorFlow
2.16.2 and Keras 3.9.2 with CUDA 12.3 and cuDNN 8. Ridge and gradient-boosted tree
regression were implemented using scikit-learn 1.6.1. Independent reproduction of the
temporal filtering procedure and the filter-timing analysis were performed in Python 3.9.13
using NumPy 1.21.5, pandas 1.4.4, and SciPy 1.9.1.

Estimator complexity was summarized using parameter count, serialized model size,
and batch-size-one inference time. LSTM inference was measured on an NVIDIA RTX
A4500 GPU (NVIDIA Corporation, Santa Clara, CA, USA), whereas Ridge and gradient-
boosted tree timing used a single CPU thread. Filter-core processing time was measured
for complete test prediction sequences, excluding file input/output. Because the estimators
were timed on different devices, the reported values describe the tested implementations
rather than a hardware-normalized speed ranking.

3.2. Overall Performance Comparison

In this section, BP estimation performance was compared among raw predictions, con-
ventional smoothing-based post-processing methods, and the proposed temporal variance-
based filtering. Raw predictions refer to the unfiltered predictions generated by the trained
pulse-feature LSTM model for all input windows in the test set. The conventional post-
processing methods include simple moving average, median filtering, and low-pass filter-
ing, which smooth the subject-specific prediction sequences while retaining all predictions.
In contrast, the proposed method selects temporally stable predictions without directly
modifying the prediction values. The performance was reported as the average MAE and
SD obtained over 10 repeated experiments. In addition, the prediction retention ratio was re-
ported to indicate the proportion of predictions retained after each post-processing method.
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As shown in Table 1, all conventional smoothing-based methods reduced MAE and
error SD compared with the raw predictions while retaining all outputs. The temporal
variance-based method achieved lower MAE and error SD for the retained subset, with
SBP MAE and error SD of 5.34 and 8.04 mmHg and DBP MAE and error SD of 3.07 and
5.02 mmHg, respectively. A retention ratio of 76.39% means that 23.61% of the original
window-level predictions were not included in the final subset. Thus, the error reductions
should be interpreted together with the corresponding prediction coverage.

Table 1. Comparison of conventional post-processing methods and temporal variance-based filtering
over 10 repeated subject-dependent experiments. Values are mean ± between-run SD.

Method SBP MAE
(mmHg)

SBP Error SD
(mmHg)

DBP MAE
(mmHg)

DBP Error SD
(mmHg) Retention (%)

Raw 7.04 ± 1.52 10.72 ± 2.13 4.63 ± 1.32 7.62 ± 2.14 100.00
Moving average 6.61 ± 1.52 9.67 ± 2.30 4.38 ± 1.35 6.74 ± 2.19 100.00
Median filtering 6.65 ± 1.64 9.82 ± 2.54 4.33 ± 1.46 6.82 ± 2.36 100.00

Low-pass filtering 6.46 ± 1.46 9.46 ± 2.15 4.38 ± 1.33 6.73 ± 2.17 100.00
Temporal variance filtering 5.34 ± 1.62 8.04 ± 2.31 3.07 ± 0.97 5.02 ± 1.93 76.39 ± 7.59

Because the proposed method achieved lower MAE and error SD for the retained subset,
the distribution between true blood pressure and predicted blood pressure was further
examined using scatter plots. Figure 5 shows, for both SBP and DBP, the distributions of
the predictions included in the final retained subset and the predictions discarded during
filtering. Colored markers represent retained predictions, whereas gray open markers indicate
discarded predictions. The dashed line denotes the identity line between true and predicted
blood pressure. In the SBP results, some discarded predictions were distributed relatively far
from the identity line, whereas the retained predictions generally showed a more compact
distribution around the identity line. A similar pattern was observed for DBP. These visual
results are consistent with the reductions in MAE and error SD shown in Table 1.

Figure 5. Scatter plots of SBP and DBP predictions for the repetition with performance closest to the
mean across the repeated experiments. Predictions retained by temporal variance-based filtering are
shown with colored markers, discarded predictions with gray open markers, and the dashed line
denotes the identity line.
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3.3. Coverage-Matched Controls and Retained/Discarded Subsets

Table 2 compares the proposed selection with controls evaluated at the same retention
ratio. Random rejection produced results close to the complete raw prediction set, and
the Hampel identifier retained higher errors than the proposed method. Compared with
both controls, the proposed method showed significantly lower SBP and DBP MAEs and
error SDs after Holm correction (pHolm = 0.0176 for all four outcomes). Compared with
the unsmoothed retained predictions, moving-average and median filtering produced
significantly lower SBP MAE and error SD (pHolm = 0.0176 for both outcomes). Low-pass
filtering also reduced SBP MAE and error SD, with pHolm = 0.0488 and pHolm = 0.0371,
respectively. None of the corresponding DBP differences was significant (pHolm = 1.0000).

Table 2. Coverage-matched control results and the discarded subset in the primary experiment.
Values are mean ± between-run SD.

Method or Subset SBP MAE SBP Error SD DBP MAE DBP Error SD Retention (%)

Temporal variance filtering 5.34 ± 1.62 8.04 ± 2.31 3.07 ± 0.97 5.02 ± 1.93 76.39 ± 7.59
Moving average, same indices 5.17 ± 1.61 7.69 ± 2.23 3.10 ± 0.91 4.94 ± 1.74 76.39 ± 7.59

Median filter, same indices 5.18 ± 1.65 7.72 ± 2.32 3.02 ± 0.98 4.91 ± 1.87 76.39 ± 7.59
Low-pass filter, same indices 5.13 ± 1.62 7.64 ± 2.22 3.07 ± 0.91 4.81 ± 1.78 76.39 ± 7.59

Hampel identifier 6.82 ± 1.69 10.42 ± 2.64 4.35 ± 1.45 7.26 ± 2.44 76.39 ± 7.59
Random rejection 7.04 ± 1.52 10.69 ± 2.11 4.63 ± 1.31 7.60 ± 2.13 76.39 ± 7.59
Discarded subset 12.09 ± 2.16 15.74 ± 2.52 9.49 ± 2.43 12.37 ± 2.65 23.61 ± 7.59

The discarded subset had substantially higher errors than the retained subset, with
SBP and DBP MAEs of 12.09 and 9.49 mmHg, respectively. This result confirms that the
excluded predictions were, on average, more difficult cases in the present dataset, while
the random-rejection result shows that reduced coverage alone did not account for the
observed improvement.

3.4. Parameter Sensitivity and Reference-Sequence Variability

The reference window-label sequences were smoother than the raw prediction se-
quences. For SBP, the mean chunk variance was 6.83 ± 3.47 (mmHg)2 for the reference
labels and 18.89 ± 11.83 (mmHg)2 for the raw predictions; the corresponding median
values were 0.11 and 2.79 (mmHg)2. For DBP, the mean values were 1.44 ± 0.63 and
12.91 ± 8.75 (mmHg)2, with median values of 0.04 and 0.98 (mmHg)2. The lower reference
variance is consistent with averaging BP values within each 40-pulse window and the
75% overlap between adjacent windows.

As shown in Figure 6, both the chunk size C and variance threshold τ affected the
error characteristics of the retained predictions. Among the evaluated chunk sizes, C = 4
generally showed the lowest or near-lowest MAE and error SD over a broad range of
variance thresholds. For all chunk sizes, the error metrics tended to increase as the variance
threshold became less restrictive, although the magnitude of this change differed according
to C. These results indicate that both parameters influence the behavior of the temporal
variance filter.

Figure 7 further shows the accuracy–coverage relationship for the primary chunk size
C = 4. As the variance threshold τ decreased, stricter filtering generally reduced SBP and
DBP MAEs and error SDs, but also decreased the proportion of retained predictions. For
example, decreasing τ from 100 to 1 (mmHg)2 reduced the retention ratio from approx-
imately 95.00% to 44.89%, while SBP MAE decreased from 6.39 to 4.12 mmHg and DBP
MAE decreased from 4.02 to 1.98 mmHg. This trend demonstrates a clear trade-off between
prediction error and coverage. At C = 4, a variance threshold of τ = 10 (mmHg)2 pro-
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vided an intermediate balance between prediction error and coverage, retaining 76.39% of
the predictions with SBP and DBP MAEs of 5.34 and 3.07 mmHg, respectively. Thus, the
primary setting of C = 4 and τ = 10 (mmHg)2 was located at an intermediate point in the
observed error–coverage trade-off.

Figure 6. Sensitivity of temporal variance-based filtering to the chunk size C and variance threshold
τ. SBP and DBP MAEs and error SDs are shown for chunk sizes C = 3–7 over variance thresholds
ranging from 1 to 100 (mmHg)2.

3.5. Chronological and Subject-Independent Evaluation

The rolling-origin protocol produced higher errors than the randomized-block proto-
col, but filtering reduced both MAE and error SD for chronologically later intervals from the
same subjects. Under LOSO evaluation, the raw SBP and DBP MAEs increased to 15.96 and
12.11 mmHg, respectively, and filtering did not improve MAE. These results demonstrate a
clear difference between within-subject performance and generalization to unseen subjects.
The corresponding results for the three evaluation protocols are summarized in Table 3.
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Table 3. Comparison of the primary, rolling-origin, and LOSO protocols. Primary values are
mean ± between-run SD, rolling-origin values are mean ± between-fold SD, and LOSO values are
subject-macro mean ± between-subject SD.

Protocol Output SBP MAE SBP Error SD DBP MAE DBP Error SD Retention (%)

Subject-dependent randomized blocks Raw 7.04 ± 1.52 10.72 ± 2.13 4.63 ± 1.32 7.62 ± 2.14 100.00
Subject-dependent randomized blocks Filtered 5.34 ± 1.62 8.04 ± 2.31 3.07 ± 0.97 5.02 ± 1.93 76.39 ± 7.59

Rolling-origin Raw 9.04 ± 1.59 12.17 ± 2.24 6.57 ± 0.90 9.16 ± 1.11 100.00
Rolling-origin Filtered 7.69 ± 1.82 9.92 ± 2.39 5.47 ± 1.14 7.60 ± 1.21 79.31 ± 6.84

LOSO Raw 15.96 ± 7.81 8.59 ± 4.91 12.11 ± 7.84 5.28 ± 2.51 100.00
LOSO Filtered 16.33 ± 8.23 8.29 ± 4.92 12.33 ± 7.90 5.22 ± 2.90 83.62 ± 23.68

Figure 7. Accuracy–coverage sensitivity of temporal variance-based filtering for C = 4. SBP and DBP
MAEs and error SDs are plotted against the prediction retention ratio as the variance threshold τ

varies from 1 to 100 (mmHg)2. Marker color represents the corresponding variance threshold.

3.6. Naive Predictors, Alternative Regressors, and SQI Rejection

To examine the proposed filtering method relative to naive predictors, alternative
regression models, and input-level SQI rejection, all methods were compared using the
common set of 10 subject-dependent splits described above. The corresponding results are
summarized in Table 4.

Table 4. Comparison of naive predictors, alternative regressors, and SQI-based selection methods
using a common set of 10 subject-dependent splits. Values are mean ± between-run SD.

Predictor or Selection Method Output SBP MAE SBP Error SD DBP MAE DBP Error SD Retention (%)

Global training mean Raw 12.23 ± 1.32 14.72 ± 1.37 9.54 ± 0.67 11.53 ± 0.73 100.00
Subject-specific training-block mean Raw 5.26 ± 1.03 7.08 ± 1.29 2.39 ± 0.40 3.37 ± 0.64 100.00

Ridge Raw 10.17 ± 1.31 12.78 ± 1.16 8.14 ± 0.68 10.15 ± 0.83 100.00
Ridge with temporal filtering Filtered 9.94 ± 1.41 12.39 ± 1.35 7.98 ± 0.95 9.97 ± 1.13 87.72 ± 12.40

Gradient-boosted tree Raw 9.14 ± 1.28 11.72 ± 1.33 6.66 ± 0.80 8.52 ± 0.92 100.00
Gradient-boosted tree with temporal filtering Filtered 8.47 ± 1.31 10.68 ± 1.46 5.99 ± 0.94 7.71 ± 1.08 80.89 ± 8.05

Pulse-feature LSTM Raw 6.33 ± 1.30 9.53 ± 1.76 4.32 ± 1.08 6.95 ± 1.59 100.00
Pulse-feature LSTM with temporal filtering Filtered 4.56 ± 1.66 6.38 ± 2.20 2.83 ± 1.18 4.33 ± 1.90 75.13 ± 5.15

Template-correlation SQI Selected 6.28 ± 1.09 9.50 ± 1.77 3.77 ± 1.01 6.19 ± 1.91 76.41 ± 4.50
Skewness SQI Selected 6.93 ± 1.50 10.09 ± 1.64 4.74 ± 1.22 7.44 ± 1.71 78.90 ± 7.27
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The raw LSTM outperformed the global training mean, Ridge, and gradient-boosted
tree predictors, but the subject-specific training-block mean achieved lower errors than the
raw LSTM. The difference was significant for SBP MAE (pHolm = 0.0488) and for DBP MAE
and both error SD outcomes (pHolm ≤ 0.0078). Thus, subject-specific BP offsets contributed
substantially to performance under the subject-dependent protocol. Temporal variance
filtering reduced the errors of Ridge, gradient-boosted tree, and LSTM outputs, although
the amount of improvement differed by estimator. The filtered LSTM remained better than
the filtered Ridge and gradient-boosted tree models for all four outcomes (pHolm = 0.0039).

Figure 8 compares the accuracy–coverage characteristics of the two input-level SQI
methods with the fixed temporal variance filter. As the SQI rejection thresholds were varied,
both template-correlation and skewness SQIs exhibited trade-offs between prediction coverage
and estimation error. At the primary operating points, temporal variance filtering retained
75.13± 5.15% of the test predictions, compared with 76.41± 4.50% for template-correlation
SQI and 78.90± 7.27% for skewness SQI. Despite the similar prediction coverage, temporal
variance filtering achieved lower MAE and error SD for both SBP and DBP. Compared with
template-correlation SQI, the differences were significant for SBP MAE, DBP MAE, and both
error SD outcomes (pHolm ≤ 0.0137). Compared with skewness SQI, all four outcomes were
significant (pHolm = 0.0039). These results suggest that prediction-level temporal variability
provides information complementary to input-level waveform quality measures.

Figure 8. Accuracy–coverage comparison of input-level SQI rejection and output-level temporal vari-
ance filtering over 10 subject-dependent repetitions. Template-correlation and skewness SQI curves
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were obtained by varying validation-derived rejection thresholds, and the horizontal axis represents
the observed test retention ratio. The green star denotes temporal variance filtering at the fixed setting
C = 4 and τ = 10 (mmHg)2, while the black diamond denotes raw predictions without rejection.
Shaded bands indicate mean ± one between-run standard deviation across the 10 repetitions.

3.7. Residual, Bias, and Agreement Analyses

The signed mean errors were small and positive for both raw and filtered predictions.
The average limits of agreement narrowed after filtering, consistent with the lower error SD
of the retained subset. The signed-bias and agreement results are summarized in Table 5.
The corresponding residual distributions are shown in Figure 9.

Table 5. Signed bias and 95% limits of agreement (LoA) in the primary experiment. Bias values are
mean ± between-run SD; limits are the mean run-level endpoints.

Output SBP Bias SBP Error SD SBP 95% LoA DBP Bias DBP Error SD DBP 95% LoA

Raw 0.64 ± 1.74 10.72 ± 2.13 −20.38, 21.66 0.21 ± 1.63 7.62 ± 2.14 −14.72, 15.15
Filtered 1.06 ± 1.52 8.04 ± 2.31 −14.70, 16.82 0.33 ± 1.71 5.02 ± 1.93 −9.51, 10.17

Figure 9. Residual plots for SBP and DBP for the same repetition used in Figure 5. Residuals were
defined as predicted BP minus reference BP.

The residual plots show that several discarded predictions had relatively large pos-
itive or negative errors, although nonzero residuals also remained among the retained
predictions. Temporal stability therefore does not guarantee accuracy for every individ-
ual window.

3.8. Per-Subject Results

Per-subject retention ranged from 22.5% to 97.5%, and filtering did not improve both
targets for every subject. This variation indicates that the aggregate retention ratio does not
imply uniform prediction coverage across subjects. The corresponding Bland–Altman plots
are shown in Figure 10. The per-subject retention and MAE results are summarized in Table 6.
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Figure 10. Bland–Altman plots for raw and filtered SBP and DBP predictions for the same repetition
used in Figures 5 and 9. Solid lines indicate mean signed error, and dashed lines indicate the 95%
limits of agreement.

Table 6. Per-subject results in the primary experiment. nruns is the number of repetitions in which the
subject contributed an evaluable test sequence; retention and MAE are averaged over those repetitions.

Subject nruns Retention (%)
SBP MAE (mmHg) DBP MAE (mmHg)

Raw Filtered Raw Filtered

6 10 77.2 3.67 2.94 3.34 2.90
7 10 44.4 16.74 16.76 9.82 11.69
10 2 37.5 9.45 10.52 14.81 16.43
13 10 22.5 7.67 4.71 10.70 2.17
14 10 95.5 3.74 3.56 3.00 2.38
19 10 64.2 6.61 6.09 6.83 7.42
21 10 45.8 10.68 5.13 6.80 3.67
23 10 97.5 5.93 5.83 2.65 2.61
24 10 79.1 8.48 7.68 4.58 3.93
27 10 90.9 3.20 2.41 2.56 1.50
33 10 85.7 6.55 5.96 3.25 2.65
35 2 79.2 13.93 13.46 7.86 6.78
36 10 66.6 12.94 11.12 6.31 5.53
44 10 72.1 7.23 5.06 4.24 2.46
48 10 27.5 15.59 14.06 13.72 11.02
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3.9. Computational Characteristics

The pulse-feature LSTM contained 1,669,026 trainable parameters and had a serialized
model size of 20.11 MB. Its batch-size-one inference time was 41.85 ± 31.89 ms per win-
dow on the GPU used in this study. The temporal variance filtering stage introduced no
additional trainable parameters and required no model retraining. Processing a complete
primary test prediction sequence required 3.73 ± 0.60 ms, corresponding to 22.8 ± 3.9 µs
per prediction. For online use, four consecutive window-level predictions are required
before the first filtering decision can be made. Based on the mean stride duration of 7.56 s,
the requirement for four consecutive predictions corresponds to approximately 22.7 s of
additional temporal latency after the first window-level prediction before the first filtering
decision becomes available. The computational characteristics are summarized in Table 7.

Table 7. Computational characteristics of the evaluated estimators and the temporal variance filtering
procedure. The reported processing times are implementation-specific because CPU and GPU
measurements were obtained on different devices.

Estimator or Procedure Complexity Serialized Size Processing Time

Ridge 4162 coefficients 16.18 kB 0.200 ± 0.004 ms/window, CPU
Gradient-boosted tree 520 ± 103 trees 295.1 ± 67.5 kB 0.680 ± 0.036 ms/window, CPU
Pulse-feature LSTM 1,669,026 trainable parameters 20.11 MB 41.85 ± 31.89 ms/window, GPU

Temporal variance filtering 0 trainable parameters Not applicable 3.73 ± 0.60 ms/sequence

3.10. Comparison with Published rPPG Results

Table 8 summarizes published results on the same or closely related Leipzig rPPG
dataset. The values are provided for context because preprocessing, subject separation,
personalization, input representation, and prediction coverage differ across studies.

Table 8. Contextual comparison with published rPPG-based BP results on the Leipzig dataset.
NR indicates that computational information was not reported.

Study Input/Model Evaluation Protocol SBP MAE DBP MAE Coverage Computation

Schrumpf et al. [34] rPPG transfer LSTM Subject-wise, no personalization 13.6 10.3 100% NR
Schrumpf et al. [34] rPPG transfer ResNet Held-out subject with personalization 12.7 10.8 100% NR

Kim et al. [47] 5-s rPPG, U-Net-based model Random sample-level split 6.90 4.43 100% NR
Present study Pulse-feature LSTM, raw Subject-dependent randomized blocks 7.04 4.63 100% Table 7
Present study Pulse-feature LSTM, filtered Subject-dependent randomized blocks 5.34 3.07 76.39% Table 7
Present study Pulse-feature LSTM, raw LOSO 15.96 12.11 100% Table 7
Present study Pulse-feature LSTM, filtered LOSO 16.33 12.33 83.62% Table 7

Compared with the subject-wise rPPG transfer-LSTM result reported by Schrumpf et al. [34],
the raw LOSO evaluation in the present study yielded higher MAEs for both SBP (15.96 vs.
13.6 mmHg) and DBP (12.11 vs. 10.3 mmHg). However, these values should not be
interpreted as a direct ranking because the preprocessing procedures, model configurations,
and evaluation protocols differ across studies. In particular, subject-dependent or sample-
level splits represent a different prediction setting from subject-independent evaluation, and
the filtered results additionally reflect reduced prediction coverage. Direct computational
comparison was also limited because the cited studies did not report parameter count and
inference time in a form comparable with the present implementation.

4. Discussion
In this study, temporal variance-based filtering was applied to the window-level

prediction sequences generated by the proposed rPPG pulse-feature LSTM model. The
primary subject-dependent experiments showed lower MAE and error SD for the retained
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SBP and DBP predictions than for the complete raw prediction set and the full-coverage
smoothing results. The coverage-matched controls further clarified this result. Random
rejection produced errors similar to those of the raw predictions, and the Hampel identifier
was less effective than the proposed selection at the same coverage. Conventional smooth-
ing applied to the same retained indices produced a small additional improvement for SBP,
indicating that prediction selection and prediction correction can contribute separately.

The proposed method selects a subset of the original predictions rather than correcting
the complete sequence. A retention ratio of 76.39% means that approximately three of every
four window-level predictions satisfied the temporal-stability criterion. This represents
an accuracy–coverage trade-off: excluding unstable outputs reduced error for the retained
subset, while fewer estimates remained available for continuous monitoring. In a practical
system, discarded windows could be flagged for continued video acquisition or repeated
measurement instead of being displayed as valid BP estimates. The filtering process uses
no ground-truth BP values and does not alter the retained prediction values.

The comparison across evaluation protocols highlights the difference between within-
subject prediction and unseen-subject generalization. Error increased when temporal
order was preserved in the rolling-origin evaluation, although filtering still reduced MAE
and error SD for chronologically later intervals from the same subjects. In the controlled
experiment, the subject-specific training-block mean was competitive with the full filtering
pipeline. It achieved a DBP MAE of 2.39 ± 0.40 mmHg at 100% coverage, compared
with 2.83 ± 1.18 mmHg for the filtered LSTM at 75.13 ± 5.15% coverage, although the
filtered LSTM achieved lower SBP MAE (4.56 ± 1.66 vs. 5.26 ± 1.03 mmHg). This finding
further indicates that subject-specific BP offsets contributed substantially under the subject-
dependent protocol. Under LOSO evaluation, error increased markedly and filtering did
not improve MAE. Temporal stability of an output sequence therefore does not resolve
systematic estimation error for unseen subjects.

The ground-truth window labels were smoother than the raw predictions because
each label was averaged over 40 pulses and adjacent windows overlapped by 75%. The
larger MAE of the discarded subset supports the usefulness of the proposed criterion in the
present dataset, but it does not establish that every discarded prediction is erroneous. A
genuine rapid physiological BP change may also produce high temporal variance and could
be discarded. Validation using recordings with verified rapid BP transitions is therefore
needed before applying the method to continuous clinical monitoring.

The sensitivity analysis showed that C and τ control the balance between coverage
and error rather than defining a single universally optimal setting. The SQI comparison
further highlights the distinction between input-level signal-quality screening and output-
level temporal selection. In the present dataset, which had already undergone SNR-
based screening and landmark-based pulse exclusion before the SQI comparison, the
template-correlation and skewness SQIs did not identify subsets with errors as low as those
obtained by temporal variance filtering at comparable prediction coverage. This suggests
that waveform quality and temporal prediction stability capture different aspects of the
estimation process. However, the relative effectiveness of SQI-based and prediction-level
selection may depend on the dataset, preprocessing procedure, and available range of
signal quality. Future studies may therefore investigate combined input- and output-level
selection strategies. The wide range of per-subject retention further suggests that adaptive
subject-level settings should also be investigated.

The signed-error and Bland–Altman analyses provide descriptive information about
the direction and spread of the prediction errors. The filtered predictions had average
biases of 1.06 mmHg for SBP and 0.33 mmHg for DBP. However, the present study does
not constitute validation under AAMI/ESH/ISO or British Hypertension Society protocols.
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The AAMI/ESH/ISO framework requires at least 85 subjects and a prescribed reference-
measurement design, whereas BHS grading is based on cumulative error percentages
within 5, 10, and 15 mmHg. The present cohort included 17 subjects and the primary
evaluation was subject-dependent; therefore, no AAMI/ESH/ISO pass claim or BHS grade
is assigned [48,49].

From a computational perspective, the proposed filtering stage adds little complexity
to the underlying estimator because it introduces no trainable parameters and requires no
model retraining. Its application to Ridge, gradient-boosted tree, and LSTM outputs also
indicates that the procedure is not restricted to one estimator. The LSTM was substantially
larger than the lightweight regressors, while the attention layer, feature groups, window
size, and stride were held fixed in the present study. Additional limitations include the
small number of subjects, uneven per-subject coverage, and the absence of external-dataset
validation. Future work should investigate alternative estimator designs, adaptive filtering
conditions, and larger datasets with more diverse subjects, environments, cameras, and
BP ranges.

5. Conclusions
In this study, temporal variance-based filtering was applied to the window-level

prediction sequences generated by a pulse-feature LSTM estimator. The method compares
accumulated keep and removal candidate counts across overlapping prediction chunks,
uses no ground-truth BP values during selection, and requires neither additional trainable
parameters nor model retraining. In the primary subject-dependent experiments, SBP
MAE decreased from 7.04 ± 1.52 to 5.34 ± 1.62 mmHg and DBP MAE decreased from
4.63 ± 1.32 to 3.07± 0.97 mmHg, while 76.39± 7.59% of predictions were retained. Random
rejection and a coverage-matched Hampel identifier did not reproduce this improvement,
and the discarded subset had substantially larger errors.

Results from the different evaluation protocols further clarify the scope of these
findings. A subject-specific training-block mean outperformed the raw LSTM in the con-
trolled subject-dependent comparison, and filtering did not improve LOSO MAE for
unseen subjects. The proposed method should therefore be interpreted as a low-overhead
temporal-stability selection procedure that adjusts the accuracy–coverage characteristics
of an existing prediction sequence, rather than as a calibrated confidence estimator or
evidence of subject-independent BP accuracy. Further validation is required under causal
monitoring conditions, during verified rapid BP changes, and on larger external datasets.
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Abbreviations
The following abbreviations are used in this manuscript:

rPPG Remote photoplethysmography
PPG Photoplethysmography
BP Blood pressure
SBP Systolic blood pressure
DBP Diastolic blood pressure
ROI Region of interest
LSTM Long short-term memory
BiLSTM Bidirectional long short-term memory
MAE Mean absolute error
SD Standard deviation
SNR Signal-to-noise ratio
SQI Signal quality index
LOSO Leave-one-subject-out
LoA Limits of agreement
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