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Abstract

Blood pressure (BP) monitoring is crucial for health as-
sessment, but existing contact-based methods face cost and
comfort barriers. Remote photoplethysmography (rPPG)
offers a promising contactless solution, yet research is ham-
pered by limited rPPG datasets with corresponding BP la-
bels. This paper presents a transfer learning methodol-
ogy for BP measurement. This approach involves utiliz-
ing a base dataset comprising signals produced by PPG
(PPG-signals) to acquire knowledge that can be transferred
to a target dataset containing signals generated by rPPG
(rPPG-signals). In our study, we trained diverse deep-
learning models using publicly available datasets contain-
ing PPG-signals. Subsequently, these models were fine-
tuned and evaluated using a public dataset that specifically
consists of rPPG-signals. Additionally, we explored the re-
lationship between BP and heart rate, and examined differ-
ent loss functions and normalization approaches to optimize
the performance of the deep learning models. The findings
of our study demonstrate that our best model achieved a bet-
ter performance than the state-of-the-art model, with mean
absolute error (MAE) of 8.721 (reduced by 4.879) mmHg
and 8.653 (reduced by 1.647) mmHg for systolic blood pres-
sure (SBP) and diastolic blood pressure (DBP) in a dataset
with clinical settings, showing promising potential for re-
mote BP estimation.

1. Introduction
Blood pressure (BP) is a crucial physiological factor for

identifying any potential cardiovascular disease of a sub-
ject [24, 74]. Cuff-based methods based on oscillome-
try [48, 65, 67, 78] and sphygmomanometers [5, 35, 40, 72]
have been generally used for measuring BP over the past
decades. However, they are not suitable for long-term mon-
itoring as they may cause discomfort and irritation to people
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with sensitive skin.
To overcome these limitations, cuffless methods have

been developed for continuous BP monitoring, especially
utilizing signals produced by photoplethysmography (PPG-
signals) and machine learning methods [2, 16, 21–23, 27,
46, 68, 69, 71, 75, 83]. PPG-signals are frequently used
to assess other vital signs as well, including heart rate
(HR) [6,58,61], respiratory rate [9,47,53] and blood oxygen
saturation (SpO2) [3,8,59]. They involve employing a light
emitter and sensor to gauge the fluctuations in blood vessel
volume beneath the skin. When tissue is exposed to light,
the photodetector records slight changes in light intensity
caused by blood flow [51]. However, they are still contact-
based approaches and cannot provide a pain-free solution.
Therefore, using signals generated by remote photoplethys-
mography (rPPG-signals) have emerged as a promising ap-
proach for remote vital sign monitoring.

In the last decade, significant strides have been made
in developing sophisticated algorithms for the extraction of
rPPG-signals from human skin [18, 45, 62, 63, 76]. These
methods typically entail the utilization of digital imag-
ing devices such as webcams or regular RGB cameras,
which function as sensors to detect minute alterations in
skin color, with natural light in the environment serving
as the illumination source [13]. Following the extraction
of rPPG-signals, subsequent stages involve signal filtering
techniques, and frequency domain analyses are performed
to estimate desired vital signs. With advancements in com-
puter science and artificial intelligence, deep learning al-
gorithms have emerged as front-runners, achieving state-
of-the-art performance in remote vital sign monitoring, es-
pecially for HR [26, 31, 44, 82] and SpO2 [33, 52, 60, 70].
However, for BP, estimation performance remains subop-
timal, necessitating further refinement before practical de-
ployment in real-world scenarios [17, 20, 50].

Machine learning methods that use either PPG-signals or
rPPG-signals for BP prediction are generally based on two
categories: feature extraction and deep learning-based end-
to-end prediction. The former extracts and utilizes hand-
crafted features in the time and frequency domain to train
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models for BP prediction. The latter derives features from
PPG-signals or rPPG-signals directly with deep learning
models, and these models learn how to predict BP from
such implicitly extracted features. To achieve state-of-the-
art performance when using deep learning methods, espe-
cially in supervised learning, a considerable amount of data
is usually required. However, to the best of our knowledge,
there are only a few public datasets [66,84] that contain ex-
tracted rPPG-signals or facial videos with BP information
that could be used as a reference for training deep learning
models.

In this paper, to address the data scarcity issue, we adopt
a transfer learning approach to estimate BP with the use of
PPG-signals and rPPG-signals. Deep learning models are
first trained with PPG-signals and HR to predict systolic
blood pressure (SBP) and diastolic blood pressure (DBP),
as HR has been observed to correlate with BP [42] with
the assumption of the absence of HR hysteresis. These pre-
trained models are then fine-tuned with rPPG-signals and
HR. All datasets used are publicly available, allowing for
fair comparison of different proposed methods. Further-
more, different loss functions and normalization approaches
are explored to optimize the performance of the models.

2. Literature Review

2.1. PPG-based Blood Pressure Estimation with
Machine Learning

Slapničar et al. [68] utilized handcrafted features ex-
tracted from filtered PPG-signals to train multiple regres-
sion models. These models formed an ensemble of regres-
sors to predict BP. In their later work, they introduced mod-
ifications to the ResNet architecture [30] by incorporating
spectro-temporal blocks for BP estimation in an end-to-end
manner using PPG-signals and their derivatives.

Hajj and Kyriacou [21] initially extracted features from
filtered PPG-signals and fed selected effective features to
gated recurrent units (GRU) [15] to estimate BP. In their
subsequent work [22], they enhanced their approach by
incorporating features derived from the first and second
derivative of PPG-signals, and applied an attention mech-
anism for effective feature extraction.

Esmaelpoor et al. [23] designed a multistage model inte-
grating 1D convolutional neural network (CNN) and Long
Short-Term Memory (LSTM) [32] to extract both short-
term and long-term temporal features of PPG-signals for BP
prediction.

Liang et al. [46] utilized a U-Net-based model [64] to re-
construct arterial blood pressure (ABP) signals from PPG-
signals, subsequently determining SBP and DBP as the
maximum and minimum values, respectively, of the recon-
structed ABP signal.

Wang et al. [75] introduced an end-to-end BP estimation

deep learning model featuring improved multi-scale fusion
blocks to extract both local and global features from PPG-
signals effectively.

2.2. rPPG-based Blood Pressure Estimation with
Machine Learning

Wu et al. [81] employed the POS algorithm [76] to ex-
tract rPPG-signals from multiple regions of interest (ROIs)
on the face, which were then passed into a 2D CNN for fea-
ture extraction. These features, along with others extracted
from physiological indicators, were used to estimate BP.

To address data scarcity in rPPG-signals, Wu at al. [80]
leveraged InfoGAN [11] to generate synthetic rPPG-
signals. Additionally, they incorporated personal informa-
tion such as body mass index (BMI) and age to enhance the
realism of the generated rPPG-signals for BP prediction.

Iuchi et al. [34] split faces into multiple ROIs and ex-
tracted rPPG-signals with the method proposed in [25] for
each ROI. These signals were then reconstructed into 2D
inputs for retaining the spatial relationship of rPPG-signals,
and fed into a 2D CNN to estimate BP.

Chen et al. [12] utilized 2D spatiotemporal feature map
slices (STSs) to capture both spatial and temporal features
from facial videos. This approach was also commonly used
to predict other vital signs such as HR [49, 54–57] and
SpO2 [1, 14]. These STSs were then directly fed into a
model, which comprised a combination of a deep residual
network and LSTM to estimate BP.

Han et al. [29] focused on utilizing features extracted
from rPPG-signals (green channel on the face) based on
cardiovascular knowledge. These extracted features are po-
tentially related to four factors, namely HR, stroke vol-
ume, peripheral vascular resistance and vessel wall elastic-
ity. These features were then fed into a Bayesian neural
network (BNN) for BP estimation.

Han et al. [28] stressed the importance of retaining shape
details in pulse signals for BP prediction. They proposed
an approach to transform rPPG-signals generated from a
transformer model into average cardiac cycle (ACC) signals
to minimize shape errors. Pulse-related features extracted
from ACC signals were then utilized for BP prediction.

Chen et al. [10] applied Euler video magnification
(EVM) to facial and hand videos in order to capture tiny
skin color changes effectively. rPPG-signals (green chan-
nel) were then extracted from these enhanced videos, fol-
lowed by signal filtering and feature extraction based on
PTT. Multiple base regressors were trained and the estima-
tion from each base regressor was further utilized to train a
meta regressor to estimate BP.

Only one study [12] mentioned previously tried to esti-
mate BP directly from facial videos, skipping the step of ex-
tracting rPPG-signals. This may be due to the explainability
of the proposed solution. There are significantly more stud-
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ies focused on discussing the relationship between BP and
PPG-signals, and the performance of rPPG-signal extrac-
tion algorithms from facial videos. The black box nature of
predicting BP directly from facial videos hinders the poten-
tial for being applied in the medical domain.

Moreover, most of the existing methodologies were eval-
uated using self-collected datasets, which greatly limits the
comparability of algorithms. In addition, some reported re-
sults might be susceptible to data leakage, as data splitting
was performed solely based on the number of samples in-
stead of subjects, possibly leading to subject overlapping
between training and test sets.

2.3. Transfer Learning with PPG-signals and rPPG-
signals

Transfer learning is a technique commonly used in deep
learning for efficient knowledge acquisition in scenarios
with limited data in the target domain. Since PPG-signals
and rPPG-signals are extracted under similar principles, the
knowledge learnt from using PPG-signals for BP prediction
can aid in rPPG-based BP estimation.

Schrumpf et al. [66] explored the applicability of trans-
fer learning methodologies, leveraging insights gained from
PPG-based BP prediction, and applied them to the esti-
mation of BP using rPPG-signals. Their attention was di-
rected towards examining the effect of the length of the
input PPG-signal and derivatives of PPG-signals on model
performance.

Kim et al. [38] designed a U-Net-based model, and ap-
plied transfer learning with PPG-signals and rPPG-signals
for BP prediction on the same clinical dataset used in [66].
However, they merely split samples based on a specific ratio
for training and evaluation. This was problematic because
one subject might have more than one rPPG data, and the
splitting by ratio allowed data from the same subject be-
ing used in both training and evaluation. Consequently, we
considered the model from Schrumpf et al. [66] as the state-
of-the-art model in our study.

3. Materials and Methods
3.1. Deep Learning Models

In addition to the four deep learning models used in [66]
for BP prediction with transfer learning — Alexnet [41],
ResNet [30], BiLSTM and the model designed by Slapničar
et al. [69], we also included a unidirectional LSTM (UniL-
STM) and BP-Net [73] for benchmarking. We compared
the performance of UniLSTM and BiLSTM to determine
whether incorporating backward information flow in PPG-
signals can enhance BP prediction accuracy. Furthermore,
we investigated whether a U-Net-based model such as BP-
Net, which reconstructs ABP signals, is more suitable for
BP prediction. Moreover, most existing works for BP pre-

diction were formulated as a multi-task learning problem,
estimating both SBP and DBP using a single model. We
also examined the performance of predicting SBP and DBP
separately with two identical models. To ensure a fair com-
parison between UniLSTM and BiLSTM, their neural net-
work architecture were designed to be identical, except for
the direction of the LSTM layers. For BP-Net, we modi-
fied the original U-Net-based model by adding dense lay-
ers after the decoder part to predict SBP and DBP. Addi-
tionally, since HR is used as a feature for BP prediction,
we concatenated it to the output tensor of the last flatten
layer of Alexnet, ResNet and Slapničar et al., the last uni-
directional LSTM layer of UniLSTM, the last bidirectional
LSTM layer of BiLSTM, and the last decoder layer of BP-
Net. For each model, all layers before the concatenated
layer were frozen during fine-tuning, except for BP-Net,
where only the encoder part was frozen.

3.2. PPG Datasets

3.2.1 MIMIC-III Subset from Kaggle

We utilized a subset of MIMIC-III that was released on
Kaggle 1. This dataset underwent preprocessing and clean-
ing steps outlined in [36] to ensure data validity. The ABP
signals, electrocardiogram (ECG) signals and PPG-signals
have a sampling rate of 125Hz, comprising a total of 12000
records collected over different periods. There may have
been more than one record from one patient; however, de-
termining that was not feasible.

3.2.2 MIMIC-III Subset from PulseDB

PulseDB 2 [77] is a huge dataset consisting of cleaned and
validated data from MIMIC-III and VitalDB [43]. Various
preprocessing techniques were applied to ensure data qual-
ity. Since the ABP signals and PPG-signals in VitalDB have
a sampling rate of 500Hz, they were downsampled to 125Hz
so that all data in PulseDB had the same sampling rate.
Moreover, each record was segmented into non-overlapping
10-seconds signals, resulting in a total of 5,245,454 10-
seconds signals. For our experiments, we ignored the data
from VitalDB to avoid utilizing downsampled data.

3.3. rPPG Dataset from Leipzig University Hospital
(rPPG-LUH)

rPPG-LUH was collected based on the work by
Schrumpf et al. [66]. During data collection, an industrial
USB camera operating at 32 frames per second (fps) was
utilized to capture the face and upper body of patients in
ICU for around 2 hours. After excluding subjects with poor

1MIMIC-III Subset. https://www.kaggle.com/datasets/
mkachuee/BloodPressureDataset/data

2PulseDB Dataset. https://github.com/pulselabteam/
PulseDB
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Figure 1. Process of estimating HR from PPG-signals / rPPG-
signals.

illumination and motion artifacts, data of 17 subjects were
publicly released for research purposes 3.

3.4. Data Preprocessing

3.4.1 PPG Data

Both PPG datasets were already preprocessed with multiple
signal filtering methods upon access. We divided all PPG-
signals in a non-overlapping manner with a window size
of 7-seconds to match the length of the rPPG-signals. Be-
cause reference HR values were not provided, we estimated
HR from each PPG-signal by applying Fast Fourier Trans-
formation. HR was determined as the highest peak in the
frequency domain that was within the normal HR range of
30 to 240 beats per minute [7, 19]. Figure 1 illustrates the
procedure of determining HR from PPG-signals.

3.4.2 rPPG Data

In rPPG-LUH, rPPG-signals were first extracted using the
POS algorithm. They were subsequently segmented with a
window size of 7-seconds and then upsampled to 125 Hz by
the authors to match the input length of their pretrained deep
learning models [66]. To enhance BP prediction accuracy,
we applied several noise removal procedures on these rPPG-
signals. Initially, a Butterworth filter (4th order, 0.5Hz-
8.0Hz cutoff frequency) was employed for signal filtering.
Next, to remove low frequency noise that might result in
baseline wander, wavelet transformation with db8 wavelet
was applied. Finally, only signals with signal-to-noise ra-
tio above -7 dB were retained. HR values were estimated
using the same method depicted in Figure 1. Figure 2 also
shows the preprocessed PPG-signals and rPPG-signals with
respect to high and normal BP in different datasets.

3.5. Training Settings

3.5.1 Pretraining with PPG Data

For the MIMIC-III subset from Kaggle, the dataset was al-
ready divided into a training set with 9600 records and a

3rPPG-LUH. https://github.com/Fabian-Sc85/non-
invasive-bp-estimation-using-deep-learning

Figure 2. Visualisation of preprocessed PPG-signals and rPPG-
signals with respect to high and normal BP in different datasets.

Figure 3. SBP and DBP distribution for the MIMIC-III subset
from Kaggle.

test set with 2400 records by the authors [36]. For each
segmented sample, the maximum and minimum values in
the corresponding ABP signal were determined as SBP and
DBP. Figure 3 shows the distribution of SBP and DBP
for this dataset. For the MIMIC-III subset from PulseDB,
the authors had already partitioned it into a training set, a
calibration-free test set and a calibration-based test set [77].
Only the calibration-free test set, which did not share sub-
jects with the training set, was used for evaluation. Fig-
ure 4 illustrates the distribution of SBP and DBP for this
dataset. For these two datasets, two min-max normalization
approaches were applied to explore optimized training set-
tings for the deep learning models. The first one was apply-
ing min-max normalization on each individual PPG-signal
in the training and test sets (per signal). The second one
was first finding the maximum and minimum values among
all PPG-signals in the training set and then applying min-
max normalization on both training and test sets with those
maximum and minimum values (per dataset). Each model
was trained for 100 epochs with a batch size of 128. Adam
optimizer [39] with learning rate = 0.001 was applied and
mean squared error loss function was used to calculate the
difference between predicted and reference labels (SBP and
DBP), respectively.
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Figure 4. SBP and DBP distribution for the MIMIC-III subset
from PulseDB.

Figure 5. SBP and DBP distribution for the rPPG-LUH after pre-
processing.

3.5.2 Transfer Learning with rPPG Data

Figure 5 presents the distribution of SBP and DBP for the
rPPG-LUH. Notably, this dataset exhibits an imbalance,
with a majority of the samples having SBP > 130 (pre-
hypertension) and DBP > 60. Given the relatively limited
number of samples in this dataset, 4-fold cross validation
based on subjects was employed on the entire dataset, with
4-fold averaged results reported. This ensured that the train-
ing and test sets did not share any subject during training
and evaluation. Two min-max normalization approaches
were also utilized. The first one was applying min-max
normalization on each individual rPPG-signal in the train-
ing and test sets (per signal). The second one was applying
min-max normalization on both training and test sets with
the maximum and minimum values determined in the pre-
train stage (per dataset). Each model was trained for 100
epochs with a batch size of 32 and Adam optimizer (learn-
ing rate = 0.001). Mean absolute error (MAE) and mean
squared error (MSE) loss functions were explored for per-
formance comparison.

3.5.3 Performance Metrics

We used the mean absolute error (MAE) to monitor the per-
formance of BP prediction during training and evaluation:

MAE =

∑N
i=1 |xsbpi − ysbpi|

N
+

∑N
i=1 |xdbpi − ydbpi|

N
(1)

where xsbpi and xdbpi are the predicted SBP and DBP,
respectively, and ysbpi and ydbpi are the reference SBP and
DBP, respectively, in the unit of mmHg. For the case of
single-task learning, only the single corresponding term in
the expression is used.

4. Results and Discussion
4.1. Blood Pressure Estimation with PPG Data

Figures 6 and 7 present the performance of the models
averaged by all training settings for SBP and DBP predic-
tion on different PPG datasets, respectively. From these
figures, we can see that model architecture has observ-
able effect on prediction performance. In addition, when
comparing the performance of BiLSTM and UniLSTM by
considering the sum of MAE of SBP and DBP, UniLSTM
consistently showed inferior results across all training set-
tings in both datasets, particularly when trained with min-
max normalization per signal. This suggests that utilizing
bidirectional LSTM layers to capture forward and back-
ward information flow of PPG-signals is more effective for
BP prediction. Moreover, for certain training settings, the
performance of UniLSTM did not differ from the baseline
mean predictor, indicating the incapability of unidirectional
LSTM layers in this task. Based on this observation, we
simply excluded UniLSTM from further experiments.

Figures 8 and 9 show the the performance of the models
averaged by HR feature for SBP and DBP prediction on the
MIMIC-III subset from PulseDB. With referring to these
figures, we can see that the inclusion of HR as an additional
feature for BP estimation did not yield an observable im-
provement in model performance. This same phenomenon
is also observed on the MIMIC-III subset from Kaggle.

Figures 10 and 11 show the performance of the models
averaged by task-based learning for SBP and DBP predic-
tion on the MIMIC-III subset from PulseDB. We can see
that single-task learning does not lead to an observable im-
provement in model performance. This same phenomenon
is observed on the MIMIC-III subset from Kaggle as well.
Consequently, to conserve computational resources and re-
duce training time, all subsequent experiments were con-
ducted using multi-task learning.

In the MIMIC-III subset from Kaggle, BiLSTM trained
with min-max normalization per signal and without HR as
a feature in a multi-task learning manner achieved the low-
est MAE with 11.121 mmHg and 5.523 mmHg for SBP and
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Figure 6. MAEs in SBP prediction using PPG signals evaluated
across different models in two PPG datasets (averaging all com-
binations of normalization methods, single-task / multi-task, and
with / without HR). Mean Predictor is the baseline reference.

Figure 7. MAEs in DBP prediction using PPG signals evaluated
across different models in two PPG datasets (averaging all com-
binations of normalization methods, single-task / multi-task, and
with / without HR). Mean Predictor is the baseline reference.

Figure 8. Illustrating the lack of influence of the presence or ab-
sence of HR during training on MAE in SBP prediction using PPG
signals in MIMIC-III subset from PulseDB. Mean predictor is the
baseline reference.

DBP, respectively. In the MIMIC-III subset from PulseDB,
the model proposed by Slapničar et al. trained with min-
max normalization per signal and without HR as a feature in
a single-task learning manner attained the lowest MAE with
14.936 mmHg and 8.179 mmHg for SBP and DBP, respec-
tively. The performance difference between these two PPG

Figure 9. Illustrating the lack of influence of the presence or ab-
sence of HR during training on MAE in DBP prediction using PPG
signals in MIMIC-III subset from PulseDB. Mean predictor is the
baseline reference.

Figure 10. Illustrating the lack of influence of multi-task or single-
task learning on MAE in SBP prediction using PPG signals in
MIMIC-III subset from PulseDB. Mean predictor is the baseline
reference.

Figure 11. Illustrating the lack of influence of multi-task or single-
task learning on MAE in DBP prediction using PPG signals in
MIMIC-III subset from PulseDB. Mean predictor is the baseline
reference.

datasets might be due to data leakage, as one patient could
have multiple records in the MIMIC-III subset from Kag-
gle, with no information available to distinguish between
them. The performance of the models with respect to each
training setting can be found in the supplementary material.
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Figure 12. Benefits of pretraining in reducing MAE in SBP pre-
diction of selected models with specific training setting.

Figure 13. Benefits of pretraining in reducing MAE in DBP pre-
diction of selected models with specific training setting.

4.2. Blood Pressure Estimation by Transfer Learn-
ing with rPPG Data

Figures 12 and 13 show the performance of selected
models with specific training setting for SBP and DBP pre-
diction on the rPPG-LUH. From these figures, we can ob-
serve that models that are either pretrained on MIMIC-III
from Kaggle or MIMIC-II from PulseDB have a better per-
formance than those without pretrain. Paired t-tests (Pre-
trained with MIMIC-III from Kaggle vs No Pretrain, and
Pretrain with MIMIC-III from PulseDB vs No Pretrain) are
also performed for all training settings of each model and
the results show that the transfer learning approach consis-
tently leads to significant difference in model performance
(T-value > Tc or T-value < -Tc and p-value < 0.05). Mean-
while, for SBP prediction, Alexnet performed worse than
the baseline mean predictor. This may be due to the limited
sample size of the rPPG-LUH and the model architecture in
handling noisy rPPG signals.

Further analysis reveals a consistent improvement in pre-
dicting SBP by ResNet and BiLSTM when using HR val-
ues estimated from relatively noisy rPPG-signals. How-
ever, this improvement is not observed during the pretrain
stage. This may be due to the size of the dataset and the
quality of the signals. As in the pretrain stage, the two

Figure 14. Illustrating MAEs in SBP prediction by different pre-
trained models with the training setting: pretrained with MIMIC-
III from Kaggle, normalization per dataset, MAE loss function,
and with HR feature. Mean predictor is the baseline reference.

Figure 15. Illustrating MAEs in DBP prediction by different pre-
trained models with the training setting: pretrained with MIMIC-
III from Kaggle, normalization per dataset, MAE loss function,
and with HR feature. Mean predictor is the baseline reference.

PPG datasets were much larger than the rPPG dataset and
they provided more diverse samples. Also, those PPG-
signals were collected with specialized medical devices,
which contain fewer noises than rPPG-signals. This allows
models to learn more robust and generalisable features for
BP prediction. Therefore, HR may not add much new infor-
mation beyond what the models have already learned from
the PPG-signals. In contrast, as the size of the rPPG dataset
is much smaller and the signals are noisier due to illumina-
tion environments, motion artifacts or camera quality, using
HR as an additional information may help models disen-
tangle useful information from noises, leading to better BP
prediction. Therefore, experiments with larger and cleaner
rPPG datasets are necessary to analyse the importance of
HR for BP estimation.

To statistically analyse the factors affecting BP pre-
diction performance, we conducted analysis of variance
(ANOVA) tests based on model architectures, and paired
t-tests based on pretrain datasets, normalization methods,
loss functions and the introduction of HR. For the ANOVA
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Method MAE (mmHg) MAE (mmHg) Evaluation Approach
SBP DBP

[66] 13.6 10.3 leave-two-out cross validation
[38] 6.9 4.43 20% data with potential subject overlapping

This Paper 8.721 8.653 4-Fold without subject overlapping

Table 1. Performance comparison of different methods with differ-
ent evaluation approaches on the same rPPG dataset (rPPG-LUH).

tests, the F-values and p-values based on model architec-
tures were > Fc and < 0.05, respectively, for both SBP and
DBP in all training settings, indicating that using different
deep learning models for BP prediction lead to significant
difference in model performance. Figures 14 and 15 show
the performance of the models with specific training setting
for SBP and DBP prediction on the rPPG-LUH. For the
paired t-tests, the T-values and p-values based on pretrain
datasets, normalization methods, loss functions and the in-
troduction of HR were > Tc or < -Tc and < 0.05 only for
certain training settings, preventing us from concluding any
specific factor that consistently leads to significant differ-
ence in model performance.

BiLSTM that pretrained on the MIMIC-III subset from
Kaggle, and then fine-tuned on rPPG-signals and HR, with
min-max normalization per dataset and MAE loss function
achieved the lowest MAE of 8.721 mmHg and 8.653 mmHg
for SBP and DBP, respectively. By applying transfer learn-
ing, fine-tuned BiLSTM improved the MAE for SBP by
27.65% and 36.23% compared to BiLSTM without fine-
tuning and mean predictor, respectively. For DBP, fine-
tuned BiLSTM improved the MAE by 11.68% and 28.27%
compared to BiLSTM without fine-tuning and mean pre-
dictor, respectively. Although both SBP and DBP are crit-
ical indicators for cardiovascular risk, several studies have
shown that SBP is more sensitive to cardiovascular diseases,
especially in older adults [4, 37]. This makes using HR as
a feature for BP estimation more favourable as it improves
the accuracy of BiLSTM in predicting SBP in all training
settings, which can be observed in figure 16. To further il-
lustrate its performance, we compared it with international
protocols for BP measurement, including British Hyperten-
sion Society (BHS) [79] and AAMI standards. The model
attained Grade C for both SBP and DBP according to the
BHS standards. Meanwhile, it did not meet the AAMI
standards for SBP and this presents an opportunity for fur-
ther refinement. Table 1 shows the comparison of the per-
formance with other studies evaluated on the same rPPG
dataset (rPPG-LUH). The performance of the models with
respect to each training setting and the results of the statis-
tical tests can be found in the supplementary material.

5. Conclusion and Future Works

In this study, we benchmarked various deep learning
models pretrained on diverse public PPG datasets, subse-

Figure 16. MAE in SBP prediction (averaged by HR feature) by
pretrained BiLSTM is significantly reduced by the presence of the
HR feature. Mean Predictor is the baseline reference.

quently fine-tuning them utilizing a public rPPG dataset.
Initially, PPG-signals and rPPG-signals underwent prepro-
cessing and segmentation to enhance signal quality before
being utilized for cross-validation. We also evaluated dif-
ferent loss functions and normalization approaches to opti-
mize the training settings for the deep learning models. Our
results demonstrate that fine-tuning pretrained PPG models
with limited rPPG data and HR led to substantial enhance-
ments in model performance, as evidenced by the attain-
ment of MAE, with 8.721 mmHg and 8.653 mmHg for SBP
and DBP, respectively, in a clinical dataset.

There are three directions future research should take.
Firstly, to tackle the inherent unevenness in the distribu-
tion of SBP and DBP within rPPG datasets, we intend to
explore diverse resampling techniques and data augmenta-
tion methods, aiming to improve the model’s generalisa-
tion capabilities. Combining multiple rPPG datasets may
also address this challenge. However, unlike recording PPG
data with standard medical devices, rPPG data are extracted
based on specific setups (e.g., cameras, illumination envi-
ronments and rPPG-signal extraction algorithms) in differ-
ent datasets. These setups can vary significantly, and com-
bining them for model training may result in poor perfor-
mance. Therefore, we would greatly appreciate the estab-
lishment of a standard setup agreed upon by domain experts
so that rPPG datasets collected under certain systems can
be utilized together. Secondly, the incorporation of cutting-
edge deep learning architectures such as transformer for BP
estimation constitutes a pivotal avenue for further investi-
gation. Thirdly, in order to enhance the performance of vi-
tal sign monitoring, there is a growing interest in exploring
various deep learning methodologies for the extraction of
rPPG-signals. These alternative approaches have the poten-
tial to generate more realistic rPPG-signals that resembling
PPG-signals. Integrating such methods may be able to fur-
ther improve the accuracy and effectiveness of BP predic-
tion models.
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