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Abstract— Blood pressure (BP) is a vital parameter in med-
ical treatment and diagnosis, and as a non-invasive method to
measure BP, some deep learning models have been proposed
to estimate BP from photoplethysmograms (PPGs). However,
the datasets and the method of dividing them into training and
testing subsets are not uniform, making it difficult to compare
them fairly. In this study, we compared the performance of
nine deep learning models for estimating systolic and diastolic
BP using PPGs. We used PulseDB, which has ‘calibration-
based subset” and “calibration-free subset” as test subsets.
The calibration-based subset has the same subject’s data in
the training subset, and the calibration-free subset does not
have the same subject’s data in the training subset. The
results showed that ST-ResNet performed the best, and it is
important to evaluate the models using both calibration-based
and calibration-free subsets, and to prevent the overfitting by
using the weight decay.

I. INTRODUCTION

Blood pressure (BP) stands as a pivotal parameter in
both the diagnosis and treatment of cardiovascular disease
(CVD) [1]. In 2020, an estimated 19.05 million deaths
globally were attributed to CVDs, marking an increase of
18.71% from 2010 [2]. Continuous monitoring of BP is
indispensable for the prevention of CVDs. Specifically, the
assessment of systolic (SBP) and diastolic blood pressure
(DBP), representing maximum and minimum BP, is crucial
in this monitoring process.

BP measurements have been conducted using cuff-based
devices [3]. The utilization of such devices necessitates strict
adherence to a prescribed measurement protocol [4] and
typically relies on access to healthcare facilities such as
hospitals and clinics. Moreover, the presence of stress or
anxiety among certain patients during measurements has
been identified as a potential source of inaccuracies [5]. Thus,
there exists an increasing need for measurement techniques
that offer greater accessibility and minimize user stress.

Many researchers have proposed cuff-less BP measure-
ment/estimation techniques using wearable devices. Re-
cently, commercially available devices like the Apple Watch,
equipped with photoplethysmogram (PPG) sensors, have gar-
nered attention in this domain. With the rapid advancement
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of machine learning, deep learning-based models [6], [7],
[8], [9] have become mainstream, although some shallow
algorithms like MLP [10], support vector regression [11],
and random forest [12] have also been proposed.

When evaluating such models, comparing the proposed
model’s performance to others isn’t fair across papers.
Dataset variations and different methods of splitting training
and testing subsets contribute to this disparity. There are two
ways to divide these subsets: including the same subjects in
both [6], [7], [13] or different subjects [8]. While perfor-
mance tends to be higher when subjects are the same, achiev-
ing high performance with different subjects is crucial for
practical applications. Thus, evaluating model performance
should involve a unified dataset and consideration of both
conditions in subset division.

In this study, we compared the performance of deep-
learning models in estimating SBP and DBP using only
PPG signals, employing a unified dataset. We utilized
PulseDB [14], published in 2023, involving two types of
datasets: a calibration-based subset with same subjects in
both training and testing subsets, and a calibration-free
dataset with distinct subjects. These subsets allow us to
use the unified dataset and study both conditions with and
without the same subjects as the training data.

Our research questions are as follows:

« RQI: Is there a difference of BP estimation performance
between calibration-based and calibration-free condi-
tions?

« RQ2: Which deep learning models perform best under
different conditions?

II. MATERIALS AND METHODS
A. Dataset and Preprocessing

In this study, we utilized the PulseDB dataset [14] con-
taining 5,361 subjects, which is based on the MIMIC-III
and VitalDB databases (2,423 subjects from MIMIC-III and
2,938 subjects from VitalDB). PPG data were sampled at a
rate of 125 Hz and segmented into 10-second windows. As
a result of the segmentation and cleaning process, 5,245,454
windows are included in this dataset. The windows were
filtered with a fourth order Chebychev-II filter at [0.5, 8] Hz.
In addition, the first derivative of PPG (velocity PPG: VPG)
and second derivative of PPG (acceleration PPG: APG)
were calculated to add information to the single-channel
PPG. In order to align their lengths with that of the PPG
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data, the initial samples in the VPG and APG were padded
with their respective values. Previous studies have found
that downsampling by about a quarter does not significantly
degrade performance compared to the original state (see
Table Il in [14]). We downsampled the PPG, VPG, and APG
data from 1250 to 250 samples to reduce the computational
complexity. Each window was normalized to zero mean and
unit variance.

This dataset provides training and testing subsets that
divide the total data in various ways, as described in Ta-
ble 4 of the previous study [14]. We utilized the training,
calibration-based testing, and calibration-free testing subsets.
The calibration-based testing subset comprises an additional
collection of window data sourced from the identical subject
as the training subset. Conversely, the calibration-free testing
subset exclusively contains window data from subjects dis-
tinct from those in the training subset. Thus, the calibration-
free testing subset poses a more challenging environment
for BP estimation compared to the calibration-based testing
subset. In this study, 10% of the data randomly selected from
the training subset was used as the validation subset.

B. Architectures

To fairly compare the performance of deep-learning mod-
els in SBP and DBP estimation, we selected nine architec-
tures: (a) PP-Net [6], (b) mPP-Net [7], (c) BP-CRNN [15],
(d) modified-LRCN [16], (e) IMSF-Net [17], (f) 1D
ResNet18 [18], (g) the model used by Wang et al. [19] (which
we named “Attention-Based CNN-GRU”), (h) the model
proposed by Emo et al. [20] (which we named “DeepCNN-
BiGRU-Attention”), and (i) ST-ResNet [8]. Fig. 1 shows the
architecture overview. We decided to keep hyperparameters
such as kernel size the same as in the previous studies.

PP-Net [6] consists of two convolutional layers, two long
short-term memory (LSTM) layers, and one dense layer
(Fig. 1(a)). mPP-Net is modified version of PP-Net [7]
and has one additional convolutional layer (Fig. 1(b)). Note
that we have modified it from their original version by
adding the batch normalization layer. BP-CRNN [15] con-
sists of three convolutional layers, one gated recurrent unit
(GRU) layer, and two dense layers (Fig. 1(c)). There is
skip connection from the first output to third output of
convolutional layers. modified-LRCN [16] consists of two
multi-convolution modules with different kernel sizes, one
convolutional layer, two LSTM layers, and one dense layer
(Fig. 1(d)). IMSF-Net [17] consists of two IMSF blocks
and efficient channel attention (ECA), one convolutional
layer, one LSTM layer, and one dense layer (Fig. 1(e)). An
IMSF block conducts feature extraction in a two-channel way
using different kernel size convolutional layers. In addition,
ECA is a kind of local cross-channel interaction strategy
without dimensionality reduction [21]. 1D ResNetl8 [18]
is a 1D version of ResNetl8, which consists of four Res
blocks (Fig. 1(f)). The sizes of output channel from the
first, second, third, and fourth Res block’s convolutional
layers were 64, 128, 256, and 512, respectively. Attention-
Based CNN-GRU [19] consists of three Res blocks, one
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GRU layer with attention mechanism, and two dense layers
(Fig. 1(g)). The sizes of output channel from the first, second,
or thirt Res block’s convolutional layers were 64, 128, and
256, respectively. DeepCNN-BiGRU-Attention [20] consists
of a VGGNet-based convotional neural network structure,
one bidirectional GRU (BiGRU) layer with a feed-forward
attention mechanism, and one dense layer (Fig. 1(h)). ST-
ResNet [8] consists of spectral-temporal (ST) blocks, Res
blocks, one GRU layer, and three dense layers (Fig. 1(i)).
Each spectrogram for PPG, VPG, and APG data were
calculated based on short-time Fourier transform.

C. Implementation, Training, and Evaluation

The deep-learning models described in Section II-B were
implemented through Python 3.11.6 and PyTorch 2.0.1. It
was performed on a 64-bit Windows 11 machine equipped
with an Intel Xeon Gold 6330 CPU and 256 GB of RAM.

These models were trained on an NVIDIA GeForce RTX
A6000 GPU and the Adam optimizer (8; = 0.9, B, =0.999).
We used the mean squared error (MSE) as the loss function,
and as a learning rate scheduler, ReduceLROnPlateau
scheduler was applied to all models. The initial learning rate,
the number of patience, batch size, the number of epochs
were set to 0.001, 5, 300, and 10. The more parameters in the
model, the easier it is to overfitting, which is advantageous
for calibration-based models, but also because regularization
may provide general features for calibration-free models.
To check the model training performance from multiple
perspective, we prepared two conditions: (1) weight decay
was 0.001 and (2) weight decay was O.

For evaluation, we calculated the mean absolute error
(MAE) between true and estimated SBP and DBP values for
the nine deep-learning models. In addition, the BP estimation
performance was checked based on the British Hypertension
Society (BHS) standard [22].

III. RESULTS AND DISCUSSION
A. Model Performance

Table I presents MAEs comparing true and estimated SBP
and DBP values for the nine deep-learning models. These
comparisons were conducted across calibration-based and
calibration-free testing subsets, utilizing two types of weight
decay values. Consistent with previous findings [23], all
models had more difficulty estimating SBP values than DBP
values. The inspection for calibration-free testing subset is
said to be more difficult than the one for calibration-based
testing subset [23], [14], and approximately this trend was
observed. However, this trend was slightly different with
and without weight decay. In the case of the calibration-
free testing subset, MAE tended to be larger without weight
decay than with it. Conversely, in the case of the calibration-
based testing subset, MAE tended to be smaller than in the
case of the calibration-free testing subset without weight
decay. This can be interpreted as a state in which the
calibration-based testing subset can overfit the training subset
because it has the same subject data as the training subset.
Inherently, the deep-learning model cannot feed the entire
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Fig. 1. Architecture overview of (a) PP-Net, (b) mPP-Net, (c) BP-CRNN, (d) modified LRCN, (e) IMSF-Net.

human population with data, and the majority of users are not
included in the training subset. Therefore, it is important to
have high accuracy with respect to the calibration-free testing
subset, and in this sense, the inclusion of weight decay
would be useful for acquiring general-purpose features. In
the condition with weight decay, ST-ResNet demonstrated
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the best performance. In the condition without weight decay,
ST-ResNet demonstrated the best performance within the
calibration-based subset, while m-PPNet stood out in the
calibration-free subsets for SBP values, and BP-CRNN for
DBP values. The performance of these models is thought to
be due to the relatively small architectural scale (i.e., small
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number of parameters), which makes it difficult to overfit.

Tables II and III show the results of comparative analysis
with BHS standard for the calibration-based and calibration-
free testing subsets. The BHS standard categorizes models
into four grades (i.e., A, B, C, and not applicable). In
the condition with weight decay, all models did not meet
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Cont. (f) 1D ResNetl18, (g) Attention-Based CNN-GRU, (h) DeepCNN-BiGRU-Attention, (i) ST-ResNet.

Grade C in both SBP and DBP values. In the condition with-
out weight decay, IMSF-Net, 1D ResNet18, Attention-Based
CNN-GRU, and DeepCNNGRUAttention achieved Grade C
for DBP values in the calibration-based subset, while ST-
ResNet achieved Grade B for DBP in the calibration-based
subset. other models did not meet Grade C. As for SBP, none



TABLE I
MAES COMPARING TRUE AND ESTIMATED SBP AND DBP VALUES FOR THE NINE DEEP-LEARNING MODELS. THE VALUES IN BOLD ARE THE MOST

ACCURATE RESULTS FOR THE DEEP-LEARNING MODEL IN EACH CONDITION AND TARGET.

Calibration-based Calibration-free

Model w weight decay ~ w/o weight decay | w weight decay ~ w/o weight decay

SBP DBP SBP DBP SBP DBP SBP DBP
PP-Net 15.01 9.00 13.80 8.28 14.75 8.94 14.09 8.56
mPP-Net 14.98 8.91 13.33 8.00 14.74 8.87 14.01 8.58
BP-CRNN 14.28 8.57 13.61 8.18 14.29 8.54 14.14 8.55
m-LRCN 14.70 8.84 13.53 8.20 14.44 8.84 14.74 9.14
IMSF-Net 13.61 8.16 12.38 7.39 13.85 8.45 15.46 9.55
1D ResNet18 13.59 8.18 12.77 7.72 13.94 8.45 15.98 9.85
Attention-Based CNN-GRU 14.53 8.68 12.50 7.49 14.37 8.70 15.31 9.51
DeepCNN-BiGRU-Attention | 13.60 8.18 11.76 7.09 13.85 8.43 15.99 9.76
ST-ResNet 13.52 8.09 10.67 6.37 13.84 8.43 15.32 9.59

TABLE I

COMPARISON ANALYSIS WITH THE BHS STANDARD FOR CALIBRATION-BASED TESTING SUBSET BASED ON CUMULATIVE ERROR PERCENTAGE.

w weight decay w/o weight decay

Model SBP DBP SBP DBP

=5 =10 <15 Grade =5 =10 =15 Grade =5 =10 =15 Grade =5 =10 =15 Grade
PP-Net 21.19 40.80 58.18 - 3480 63.54 8246 - 2335 4467 6252 - 38.10 6779 85.85 -
mPP-Net 2123 40.83 58.38 - 3513 64.03 82.88 - 2422 4630 64.27 - 3942 6952 87.01 -
BP-CRNN 22,55 4347 60.78 - 3648  65.86  84.60 - 23.83 4555 63.21 - 3855 6834 86.14 -
m-LRCN 2196 4202 5947 - 3841 6424 8321 - 2458 46.28  63.99 - 3941  68.65 85.62 -
IMSF-Net 2373 4548 63.18 - 3852 6850 86.36 - 28.18 51.67 68.84 - 4536  73.56 88.34 C
1D ResNet18 23.88 4552 63.16 - 3546 6821 86.26 - 2723 5022 6726 - 4326 7175 87.12 C
Attention-Based CNN-GRU | 21.96 4256 60.13 - 3582 6497 84.06 - 27.31 5086 6839 - 4439 7326 88.03 C
DeepCNN-BiGRU-Attention | 23.93 4556  63.24 - 3828 6830 86.21 - 30.73 5485 7137 - 48.08 75.60 88.99 C
STResNet 23.86 4582 63.54 - 3893 6895 86.61 - 3326 58.86 75.57 - 52.19 7979 91.62 B

>60 >8 >95 A >60 >8  >95 A >60 >8 >095 A >60 >8 >095 A
BHS >50 >75 >90 B >50 >75 >90 B >50 >75 >90 B >50 >75 >90 B

>40 >65 >85 C >40 >65 >285 C >40 >65 >85 C >40 >65 >85 C

TABLE III

COMPARISON ANALYSIS WITH THE BHS STANDARD FOR CALIBRATION-FREE TESTING SUBSET BASED ON CUMULATIVE ERROR PERCENTAGE.

w weight decay w/o weight decay

Model SBP DBP SBP DBP

=5 =10 =15 Grade <5 =10 =15 Grade =5 =10 =15 Grade =5 =10 <15 Grade
PP-Net 21.18 40.58 58.03 - 3388 6348 8270 - 21.92 4290 60.90 - 3570 6570 84.27 -
mPP-Net 2123  40.66 58.07 - 3416 6547 82.83 - 22,62 4351 6149 - 36.09 6542  84.09 -
BP-CRNN 2205 4229 6022 - 3662  65.62 84.17 - 2247 4328 60.78 - 36.54 6578 84.17 -
m-LRCN 2170 41.68 59.34 - 3437  64.13 8333 - 21.94 4234 5955 - 3467 6293 8121 -
IMSE-Net 2242 4389 62.08 37.04 66.10 84.45 - 21.34 4085 57.42 - 33.15 6049 79.44 -
1D ResNet18 2246 4357 61.08 - 3692  66.18 84.26 - 20.52  39.73  56.21 - 3242 5924  78.04 -
Attention-Based CNN-GRU | 22.00 4221 59.72 - 3553 6497 83.60 - 2140 4127 58.16 - 3354 60.87 79.48 -
DeepCNN-BiGRU-Attention | 22.89  44.07 61.96 - 36.82  66.23  84.40 - 20.79  39.74 5597 - 32,64 59.62 7839 -
STResNet 18.95 36.83 53.52 - 3145  59.09 79.07 - 21.59 4140 57.99 - 33.15 6026 79.01 -

>60 >8 >095 A >60 >8 >095 A >60 >8 >095 A >60 >8 >095 A
BHS >50 >75 >90 B >50 >75 >90 B >50 >75 >90 B >50 >75 >90 B

>40 >65 >85 C >40 >65 >85 C >40 >65 >85 C >40 >65 >85 C

of the models reached Grade C even without weight decay.

B. Responses to Research Questions

a) RQI: Yes, there is a difference of BP estimation per-
formance between calibration-based and calibration-free sub-
set. The trend was slightly different with and without weight
decay. In the case of the calibration-based subset, all models
without weight decay showed improved performance com-
pared to conditions with weight decay. On the other hand,
in the case of the calibration-free subset, six deep-learning
models (m-LRCN, IMSF-Net, ResNet18, ResGRUAttention,
DeepCNN-BiGRU-Attention, and ST-ResNet) with weight
decay showed improved performance compared to condi-
tions without weight decay. Conversely, three deep-learning
models (PP-Net, mPP-Net, and BP-CRNN) were more ac-
curate without weight decay. The reason for this is that
more complex models (e.g., ST-ResNet) are more expressive
and are overfitting to the training subset in the condition
of without weight decay, Thus, in the absence of weight
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decay, the calibration-based subset, comprising data from the
same subjects as the training set, exhibits greater accuracy.
In addition, with weight decay, the calibration-free subset,
devoid of subjects present in the training data, demonstrates
higher accuracy due to the heightened impact of overfitting.

b) RQ2: ST-ResNet showed the highest performance
with and without weight decay for the calibration-based
subset. For the calibration-free subset, it showed the high-
est performance with weight decay, while the performance
decreased without weight decay. Thus, ST-ResNet is the
deep learning model performing the best performance under
the calibration-based and calibration-free subset if we can
correctly avoid overfitting.

C. Future Work and Limitation

We evaluated the regression model to estimate the SBP
and DBP values. Recently, as the other approaches, various
methods exist to directly estimate arterial blood pressure
(ABP) values from PPG signals [13], [9]. In the future, we



will compare these approaches using a unified dataset.

In this study, the deep-learning models achieved Grades B
and C for DBP values in calibration-based subset without
weight decay. Given the practical applications, using a model
that can be used only a calibration-based subset would re-
quire acquiring the user’s training data in advance and using
it to train the model. Since this is time-consuming for the
user, it is desirable to construct a model with a calibration-
free subset that does not require prior data acquisition. There-
fore, model comparisons should be performed by verifying
the accuracy of both calibration-based and calibration-free
subset, and by taking measures to prevent overfitting, such
as adding a weight decay. Deep-learning models need to be
improved to achieve Grade A in this situation.

In addition to differences in subjects, there may be other
effects such as day-to-day differences in the way they
wear the device when considering its use in a wearable
device. To address this challenge, some researchers have
proposed methods such as transfer learning [15], continual
learning [24], or adding demographic information to the
model [19]. In the future, we plan to develop models that
incorporate these techniques and evaluate their performance.

IV. CONCLUSIONS

In this study, we compared the performance of nine
deep learning models for the estimation of the SBP and
DBP values from PPG signals. The results showed that ST-
ResNet was the best model for both calibration-based subset
and calibration-free subset under the condition that weight
decay was included to suppress overfitting. Furthermore, the
findings revealed the need to take measures to suppress
overfitting for practical applications. In the future, we plan to
focus on incorporating techniques such as transfer learning,
continual learning, and demographic information to enhance
the performance of the model. In summary, our key findings
for evaluating the BP estimation model are below.

1. The model should be evaluated with both calibration-
based and calibration-free subset.

Considering the practical application, the model training
should be prevented from the overfitting by using a
weight decay, etc.

2.
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