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Abstract: Traditional cuff-based blood pressure (BP) monitoring methods provide only intermittent
readings, while invasive alternatives pose clinical risks. Recent studies have demonstrated feasibility
of estimating continuous non-invasive cuff-less BP using photoplethysmogram (PPG) signals alone.
However, existing approaches rely on complex manual feature engineering and /or multiple model
architectures, resulting in inefficient epoch training numbers and limited performance. This research
proposes cBP-Tnet, an efficient single channel and model Multitask Transformer Network designed
for PPG signal automatic feature extraction. cBP-Tnet employed specialized hyperparameters — inte-
grating adaptive Kalman filtering, outlier elimination, signal synchronization, and data augmentation,
leveraging multi-head self-attention and multi-task learning strategies to identify subtle and shared
waveform patterns associated with systolic blood pressure (SBP) and diastolic blood pressure (DBP).
We used MIMIC-II public dataset (500 patients with 202,956 samples) for experimentations. Results
achieved mean absolute errors of 4.32 mmHg for SBP and 2.18 mmHg for DBP. For first time, both
SBP and DBP meet the Association for the Advancement of Medical Instrumentation’s international
standard (<5 mmHg, >85 subjects). Furthermore, it efficiently cuts epochs’ training number by 13.67%
when compared to recent deep learning method. Thus, establishes cBP-Tnet’s higher potential for
integration into wearable and home-based healthcare devices with continuous non-invasive cuff-less
blood pressure monitoring.

Keywords: non-invasive continuous cuffless blood pressure estimation; photoplethysmogram; multi-
task learning transformer; automatic PPG feature extraction; Deep Learning

1. Introduction

High blood pressure (hypertension) is a prominent cause of death and disability worldwide.
Between 1990 and 2019, the number of people with hypertension (blood pressure of > 140 mmHg
systolic or > 90 mmHg diastolic) or on medication increased from 650 million to 1.3 billion. [1].
Unfortunately, most hypertensive patients are unaware of their ailment, although it silently affects
their internal body organs (e.g., brain, eyes, kidneys, and viscus), which is why it is known the
silent killer [2]. Therefore, accurate, continuous, beat-to-beat, blood pressure estimation is crucial for
preventing heart disease and improving human health.

Traditional blood pressure estimation methods were cuff-based readings and continuous moni-
toring. But, cuff-based measures can be heavily influenced by aspect such as operator skill, cuff size,
measuring setup and going thru to large mistakes [3]. Furthermore, this process only provides a single
moment of blood pressure, making it not ideal to trace blood pressure fluctuations over time. Blood
pressure (BP) can fluctuate significantly over time due to various factors such as diet, exercise, mental
state, and stress [4]. Continuous blood pressure monitoring, on the other hand, allows for a higher
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accurate estimation of a patient’s blood pressure state, comprising nightly blood pressure changes and
variations during exercise. This approach allows doctors to more correctly assess patients’ problems
and offer more personalized treatment solutions. It makes the early discovery of BP changes and the
application of suitable method to limit the continuation of hypertension. This is particularly crucial for
preventing cardiovascular and cerebrovascular events, as well as lowering disease risks [5]. Nonethe-
less, current continuous blood pressure monitoring techniques usually require intrusive devices such
as intravascular catheters, that are prone to infections, difficult to handle and other complications [6].
Traditional blood pressure measuring techniques have limits in practical applications, necessitating a
non-invasive, continuous, and accurate method.

More researchers are looking into continuous blood pressure estimate techniques based on
biosignals like photoplethysmograms (PPG), electrocardiograms (ECGs), and ballistocardiograms
(BCGs) as a result of recent developments in sensor technology, computer science, and artificial
intelligence. Compared to traditional blood pressure measurement techniques, these unique systems
that use Pulse Transit Time (PTT), Pulse Wave Velocity (PWYV), and other manual feature extraction
techniques offer various benefits, including non-invasiveness, real-time continuous monitoring, and
user-friendliness [7-9]. Many substantial gains have been produced in studies focusing on estimating
approaches that combine ECG and PPG data, demonstrating remarkable precision in blood pressure
measurements [10]. However, there are certain drawbacks to monitoring ECG signals. Prolonged
usage of patch electrodes on the skin can limit airflow and cause pain for users [11]. Moreover,
blood pressure measurement systems that rely on various biological signals, including PPG, BCG,
ECG and other signals, have challenges with data synchronization, information fusion, complex
implementation, increased development costs, and limited noise resistance [12]. In comparison,
because the PPG waveform is normally recorded in the fingers, it gives a better consistent estimation
value than multiple channel signal gathering, making it ideal for long blood pressure estimation trials.
Although systems based solely on a single PPG signal provided a more straightforward method by
avoiding the intricacies and problems linked with several sensors, machine learning and some deep
learning methods relied on a sophisticated manual feature extraction [13,14] that requires professional
knowledge and experience. Necessitating a fully automatic PPG feature extraction using deep learning
methods to further simplify the data collection/processing procedure. Finally, breaking free and
eliminate the need for complex expert domain knowledge manual feature extraction methods [5,15,16].

This research describes a unique approach for continuous blood pressure measurement us-
ing an efficient single-model cBP-Tnet Multitask Learning Transformer Network with automated
Photoplethysmogram (PPG) feature extraction. cBP-Tnet enhances the accuracy and robustness of
non-invasive continuous blood pressure estimate using the large-scale Multiparameter Intelligent
Monitoring in Intensive Care II (MIMIC-II) public datasets [17,18]. The proposed cBP-Tnet method
for cuffless estimation of blood pressure has the potential to be integrated and enable non-invasive
continuous monitoring by home and mobile health-care devices. The key contributions of this work
are summarized below:

1.  To date, cBP-Tnet was the only deep learning method with automatic photoplethysmogram
feature extraction to have both Systolic (4.32 mmHg) and Diastolic (2.18 mmHg) blood pres-
sure acceptable to the Association for the Advancement of Medical Instrumentation (AAMI)
international standards (<5 mmHg, >85 subjects) [19].

2. cBP-Tnet was designed effectively as it is single channel and model compared to the recent deep
learning methods for continuous non-invasive blood pressure monitoring [5,15,16] which were
hybrids and/or complex in design that needs multiple models.

3. The cBP-Tnet method efficiently takes 13.67% faster to train and still output better and AAMI
accepted results compared to recent studies [5] in the field.

The rest of this work is organized as follows: Section 2 addressed the current AI methods for
continuous non-invasive blood pressure measurement with a single-channel photoplethysmogram
(PPG). Section 3 covered the pipeline and the suggested cBP-Tnet single channel and model deep
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learning architecture for blood pressure estimation. Section 4 presents the experimental findings,
compares them to the AAMI international standards and other recent publications, and Section 5
concludes the research.

2. Related Works

Existing Al methods for continuous cuff-less non-invasive blood pressure measurement with a
single-channel photoplethysmogram (PPG) are divided into two types: classical machine and deep
learning methods. Classical machine learning approaches include manually identifying features from
raw PPG data and then developing a regression algorithm using classical machine learning models
to measure diastolic and systolic blood pressure in people [14]. As an example, one of the initial
trials at BP measuremenr using PPG signal only was undertaken by Teng et al. in 2003 [20] wherein
they investigated the association between Arterial Blood Pressure (ABP) and specific PPG waveform
characteristics. Data was obtained from 15 healthy and young subjects utilizing specialized equipment
in a well-controlled atmosphere with no movement, complete silence, and constant temperature.
Correlation analysis was utilized for feature selection, and the relationship was modelled with a linear
regression approach. In another work, Kurylyak et al. in 2013 [21] retrieved 21 factors from above
15,000 cardiac training samples in the MIMIC database. These characteristics were used as input
features ANN that estimated blood pressure with PPG data. This strategy proves to be better than
the linear regression technique. Liu et al. in 2017 [22] used 14 features from the 2" derivative of PPG
(SDPPG) and blended them with the 21 features from [21]. To better forecast systolic and diastolic
blood pressure, they used a SVM as a BP estimator. Compared to [21] 21 characteristics and ANN, their
strategy improved BP estimation accuracy by 40%. The need for superior PPG waveform to reliably
detect PPG waveform feature points is a fundamental issue for systems that combine manual features
with classical machine learning for blood pressure calculation. But, PPG waveform captured by
wearable devices frequently contain high motion aberrations and noise, making it hard to detect crucial
feature points such as troughs, inflection points, peaks and dicrotic notches. As a result, the series of
features formed by arranging these feature points has significant errors. Furthermore, generating and
selecting manual features necessitates professional expertise and experience, as well as multiple efforts
to identify the ideal feature set, which limits practical applications.

With the improvement of processing capacity, we have switched our focus to automated feature
extraction methodologies for PPG waveform utilizing deep learning models [14]. Deep learning
models, unlike classical machine learning models, is great at learning features exactly from original
data, removing the requirement for manual feature engineering and capitalizing on the latent data
contained in original signals. Slapnicar et al. in 2019 [15] proposed Residual Neural Network (ResNet)
Model that used recurrent (RNN) and convolutional neural networks (CNN) to interpret PPG signals’
frequency and time domain details, then combined the recovered characteristics to estimate SBP and
DBP. Their analyses of 510 participants from the MIMIC III database yielded MAE of 6.88 mmHg and
9.43 mmHg for DBP and SBP measurements, respectively. However, their ResNet model needs very
long training of 10,000 epochs which is prone to overfitting. Additionally, both DBP and SBP failed to
meet the accuracy requirements outlined by the AAMI international standard that MAE must be less
than 5 mmHg [19]. In another study, Rong et al. in 2021 [16] introduced a multi-type features fusion
(MTFF) neural network model for blood pressure (BP) estimation using PPG only. The model consists
of two CNN that train the morphological and frequency spectrum aspects of the PPG signal, as well
as a Bidirectional Long Short-Term Memory (BiLSTM) network that trains the temporal features of
the PPG signal. The MAE of the MTFF-ANN were 5.59 mmHg for SBP and 3.36 mmHg for DBP. But,
MTFF-ANN have a complex feature extraction process, low sample size of only 11,546 sample which
was not enough for deep learning methodologies, thus, it cannot be generalized. Furthermore, DBP
failed to meet the accuracy requirements outlined by the AAMI international standard. Recently, Dai
et al. in 2024 [5], proposed a continuous blood pressure estimation model that joins the convolutional
block attention module (CBAM) plus temporal convolutional network (TCN). The MAE of SBP and
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DBP estimation using their TCN-CBAM algorithm are 5.35 mmHg and 2.12 mmHg, respectively, which
outperform previous deep learning architecture with convolutional and recurrent neural network
architectures. However, TCN-CBAM still needs long training of 1,500 epochs but it becomes more
efficient compared to [15]. It also has complex/hybrid deep learning architecture that uses two (2)
models. In addition, the DBP still failed to meet the accuracy requirements outlined by the AAMI
international standard.

Thus, none of the tested performance of three current deep learning models—ResNet, MTFF-
ANN, and TCN-CBAM with automatic feature extraction using PPG signal—met the both SBP and
DBP blood pressure estimation accuracy criteria defined by the AAMI international standard [19].
Moreover, previous studies utilized complex automatic feature extraction [16], hybrid models [5], and
long training times [15] that limits the developed AI models potential to be integrated and enable
non-invasive continuous monitoring by home and mobile health-care devices.

3. Materials and Methods

The cBP-Tnet pipeline as shown in Figure 1 employs a multitask learning Transformer-based ar-
chitecture for continuous non-invasive blood pressure estimation. Transformers, which were originally
developed for natural language processing, have proven useful for a variety of sequence modeling chal-
lenges due to their ability to capture long-range relationships through self-attention techniques [23].
In this research, the input sequences are derived from physiological signal — Photoplethysmogram
(PPG). In classical machine learning contexts, a model is typically trained to perform a single predicted
job. For example, you may use a regression model to estimate only SBP without DBP and vice versa
However, blood pressure measurement tasks frequently require closely related physiological signals.
Systolic (SBP) and diastolic (DBP) blood pressures are not independent; they result from the same un-
derlying circulatory dynamics. Multi-task learning (MTL) takes advantage of this relatedness [24]. By
training a single model to predict both SBP and DBP simultaneously, the researchers hope to improve
model generalization by sharing representations and constraints between task. Moreover, reducing
the requirement for individual models. Potentially increasing estimation accuracy for both SBP and
DBP. cBP-Tnet further uses adaptive Kalman filters to preprocess 202,956 synchronized PPG/ABP
samples from random 500 subjects from Multi-parameter Intelligent Monitoring in Intensive Care II
(MIMIC 1II) database [25], and it automatically extracts features from raw and derived PPG signals
(PPG” and PPG”), reducing the need for manual feature engineering. Outliers were removed, and
the data was stratified for training (80%), validation (10%), and testing (10%). Signal augmentation
and normalization improve robustness, while the multitask learning Transformer model incorporates
temporal relationships to predict both systolic and diastolic blood pressure simultaneously.

The pipeline was tested against international clinical benchmark — Advancement of Medical Instru-
mentation (AAMI) standards (<5 mmHg, >85 subjects), confirming accurate, real-time, non-invasive
blood pressure measurement and its potential to be integrated /enable non-invasive continuous moni-
toring by home and mobile health-care devices.
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MIMIC II Dataset Loading Automatic
and Preprocessing Photoplethysmogram
(Loaded 202,946 PPG/ABP SR L A
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@125Hz; added adaptive segments for 750 input
Kalman filters; synced signals) features; Extracted SBP/DBP)

v

PPG/ABP Physiological Signal Normalization
Signal Filtering and Splitting and Augmentation
(Removed SBP/DBP outliers; _y, (Standardized features;
Stratified split into 8:1:1 Augmented training data w/
training, validation, & test noise, scaling, shifting,
sets) masking)

v

Proposed cBP-Tnet cBP-Tnet Evaluation
Multitask Learning and Visualization
Transformer Model Training (Computed MAE & r;
(0.001 OneCycleLR trained to ™% | Evaluated AAMI standard:
1295 optimal epochs based on <S5mmHg, >85 subjects;
combined SBP/DBP validation Predictions/actuals &
MAE (L1 loss) & 4.0 grad clip) training/validation loss plots)

Figure 1. Pipeline of the Proposed Novel cBP-Tnet Efficient Single Channel and Model Deep Learning Method for
Continuous Non-invasive Blood Pressure Monitoring with Photoplethysmogram.

3.1. MIMIC II Dataset Loading and Preprocessing

The Physionet Multi-parameter Intelligent Monitoring in Intensive Care (MIMIC) II Waveform
database [25] contains recordings of numerous physiological signals and parameters from ICU patients.
The information was gathered from Boston’s Beth Israel Deaconess Medical Center (BIDMC) over
a seven-year period beginning in 2001. MIMIC II version 2.6 had roughly 33,000 patients, with
25,000 adults (age > 15 years old at time of last hospitalization) and 8000 newborns (age < 1 month old
at time of initial admission) [26]. The researchers experimented on the subset of Kachuee et al.’s
MIMIC II-derived cleaned cuffless Blood Pressure Estimation Data Set [18]. From cleaned dataset, the
researchers loaded 202,946 PPG/ABP samples from random 500 patient records at 125 Hz. Before
training the multitask Transformer, the raw signals (PPG and ABP) are filtered with an adaptive
Kalman filter [27] to decrease noise and then aligned in time using cross-correlation algorithms. These
preprocessing stages produce cleaner, more aligned inputs, allowing the multitask Transformer to
focus on relevant patterns rather than being confused by noise or misalignment. Since PPG and ABP
signals may not be perfectly aligned in time, cross-correlation was used to determine the lag between
them. We synchronized signals for model training since the model attempts to map the noninvasive
PPG to a continuous estimation of BP that resembles the ABP waveform [14].

3.2. Automatic Photoplethysmogram Feature Extraction

The cBP-Tnet automatically extracts 2-sec features from raw and derived PPG signals, including
its first and second derivatives (PPG’ and PPG”). The derivatives of the PPG signal also highlight
biologically significant alterations (e.g., systolic and diastolic peaks), which are closely linked with
SBP and DBP. First and second derivatives emphasize slope changes and points of inflections which
are empirically proven effective to improve the models performance [5,15]. This reduces the need for
handmade feature engineering, which was time-consuming and restricted to specific use cases [5,15,16].
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Instead, the model learns directly from minimally processed inputs, drawing on multitask learning
Transformer networks’ data-driven capabilities,

PPG/(t) = d(I;IZG), 1
d*(PPG
PPG"(t) = (dtz)‘ 2)

The combination of [PPG, PPG’, PPG”] generates a rich feature space that captures waveform
morphology. That is, a segment of PPG signal (and its derivatives) were truncated or zero-padded to a
fixed length L [28] for uniformity in 2-sec interval @125 Hz (250 samples each),

signal(t), t<L,
fixed_signal(t) = 3)
0, t> L.

After synchronization, the segments have a total of 750 input features since raw PPG, PPG” and
PPG” were sampled at 125Hz. Simultaneously, extracting the SBP and DBP from ABP. By automatically
extracting essential features directly from the PPG signal, the model minimizes domain-specific bias
and assures scalability over a wide range of patient populations and situations.

3.3. PPG/ABP Data Filtering and Splitting

To provide robustness, the physiological signals were filtered and separated. Outlier elimination
protects the model from being impacted by very high and atypical SBP/DBP values (SBP > 180,
SBP < 80, DBP > 130, DBP < 60) [13]. After data filtering, to preserve the distribution of physiological
targets of systolic (SBP) and diastolic (DBP) blood pressures throughout all subsets, the dataset is
stratified (8:1:1 ratio) into training (97,761), validation (12,220), and test sets (12,221). Because SBP
and DBP are continuous variables, a common strategy is to bin (N=10) them into discrete categories
before stratification. This limits the possibility of overfitting and guarantees a fair and thorough
performance evaluation. A stratified splitting method (scikit-learn’s train_test_split with the
stratify option, N=10) splits the dataset into training, validation, and test sets, each with similar SBP
and DBP distributions [29]. This technique assures that model evaluation represents real-world clinical
situations and that performance indicators are not distorted by disproportionate representation of
specific blood pressure ranges,

3.4. Signal Normalization and Augmentation

Signal normalization and augmentation are important processes in the cBP-Tnet pipeline. Nor-
malization assigns a consistent scale to all raw 750 input PPG features. Normalizing guarantees that
the model does not get biased toward any particular amplitude range, allowing the model to learn
patterns rather than exact values. Subsequent data standardization of input features is performed.
Because physiological data is frequently limited, several augmentation approaches are used to improve
model resilience. By incorporating modifications like noise addition, scaling, shifting, and masking,
the model learns to be insensitive to tiny changes in signal amplitude, baseline shifts, and temporal
distortions [30]. These strategies simulate real-world variability, such as sensor placement and patient
situations, hence improving model robustness.

3.5. Proposed cBP-Tnet Multitask Transformer Model Training

The pipeline’s main component is the proposed cBP-Tnet model, a single channel and model
deep learning architecture that makes use of multitask learning Transformer network. Figure 2
below displays a high-level architectural and training overview of a multitask Transformer-based
neural network called cBP-Tnet was efficiently designed to predict blood pressure metrics using
photoplethysmography (PPG) data with automatic feature extraction. Transformers excel at processing
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sequential data because of their self-attention processes, which allow the model to dynamically weigh
different parts of the input signals [23]. This can help catch tiny waveform patterns associated with
blood pressure variations. The multitask configuration (predicting both SBP and DBP) increases overall
model performance. By learning both tasks concurrently, the model benefitted from shared underlying
representations in the PPG waveform, resulting in better generalization.

/" Preprocessed Learnable Transformer Nx8 / Multitask \
Input Handling Positio_nal Encoder Layer Learning
— Encoding Multi-Head Transformer
(Zael) (32, IV, 128) | bl self Attention Output Layer
(h=4)
PPG’ (250, 1) SBP and DBP
l Pdrop = 0.05 Simultaneous
" Predictions
PPG” (250, 1) D
32, 750, 2 32, 2,
N Ga7) __| Feed Forward ;("‘)J
| (dff=2048)
Transformer Input Pdrop = 0.05 Global Max
Projection Layer »  Pooling Layer
(dmodel=128) Layer Norm > .
(750, 128) \_ (B2 N 128) J/ (32, 128)

cBP-Tnet Multitask Transformer Network Model Training

(0.001 OneCycleLR trained to 1295 optimal epochs based on the saved
combined SBP/DBP validation MAE (L1 loss) & 4.0 gradient clip)

Figure 2. Architecture of Proposed Novel “cBP-Tnet” Efficient Single Channel and Model Deep Learning Method
for Continuous Non-invasive Blood Pressure Monitoring with Photoplethysmogram.

The training procedure contains advanced approaches such as OneCycleLR learning rate schedul-
ing that starts with 0.001, which stabilizes and accelerates convergence [31], designed to save the
best model based on the best combined validation L1 loss to prevent overfitting [14]. The model was
trained across optimal 1295 epochs with a combined SBP and DBP loss function L1 loss, providing
task balance and smooth gradient updates with 4.0 grad clip value [32]. The optimal 1295 epochs
was found while training the model for 1500 epochs (1500 epochs was the epoch used by the latest
previous research, TCN-CBAM method [5]). We coded c¢BP-Trnet to store the best model and output the
optimal model after training for 1500 epochs. Nonetheless, 1295 epochs found is still 13.67% faster
than the latest deep learning method in the field, TCN-CBAM method [5], computed based percent
change formula. To solve the percent change when transitioning from TCN-CBAM (previous value
of 1500 epochs) to cBP-Tnet (new value of 1295 epochs), we defined the old value as xy = 1500 and
the new value as x; = 1295 and used the percent change standard formula. On the left, the model
starts with preprocessed input data streams that comprised not just the raw PPG waveform but also its
first and second derivatives. These three inputs, each with a 2-sec duration of 250 samples at 125 Hz,
were combined to generate a concatenated input dimension of (32,750), for a batch size of 32 instances,
each with 750 features from the three PPG-related signals. This preprocessing step was intended to
capture both the core form of the PPG pulse wave and the subtle inflections shown by its derivatives.
The input data were then projected into a compact, learnt feature space using a linear projection layer,
which converts the raw signals into a 128-dimensional embedding.

3.5.1. Input Projection and Positional Encoding

Given an input sequence of features X € RN*%in where N is the sequence length (250 PPG
samples) and dj, is the concatenated feature dimension [PPG, PPG’, PPG”].

Xproj = XWin, 4)
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here, Wi, € R%in*model projects the input to the model dimension dyogel (dmodel = 128). The output
shape was (32, 128). A learnable positional encoding P € RN*“medel is added to inject sequence
ordering because Transformers are inherently order-agnostic [23]:

Z =X, + P, ()

The learnable positional encoding output shape was (32, N, 128). This enables the model to
distinguish the temporal order of samples which is crucial for time-series data in the study.This stage
is crucial because it converts the raw physiological waveforms into a representation that is better
suited to the Transformer’s self-attention processes. The next essential activities that take place in the
multitask Transformer Encoder Layer was when a multi-head self-attention module (with 4 heads)
and a feed-forward network (with a large inner dimension of 2048) collaborate to simulate the PPG
signal’s complicated temporal dependencies and non-linear interactions.

3.5.2. Multi-Head Scaled Dot-Product Attention

Each multitask Transformer layer uses multi-head self-attention (2 = 4). For each attention head £,
the input Z(/~1) (from the previous layer or the input projection for the first layer) is linearly projected
into queries (Q), keys (K), and values (V):

_ =1 wih)
Q=zhwy, (6)
K = z-Dwl, (7)
— h
v = zwlh, 8)
where ng), ngh), ‘(/h) € R9model ¥k and dp = %. The scaled dot-product attention for one head is

computed as:

. Q
Attent , K, V) = soft V. 9
ention(Q ) S0 max( \/dTC) )
For hpeags heads, multi-head attention is:
H = [head; ; heady ; ... ; heady, . | Wo. (10)

-dk)Xd

where [; | denotes concatenation and W, € R (theads model [23]. This attention technique enables the

model to pay to several parts of the input at the same time.

3.5.3. Residual Connections and Layer Normalization

To aid training and stabilize gradients, each sub-layer is wrapped with residual (skip) connections
and layer normalization (LN):

70 — LN(Z(I_l) + MultiHeadAttention(Z(l_l))). (11)

z0 = IN(z" + PN (ZD) ). (12)

This ensures that the model learns more successfully by avoiding vanishing and exploding
gradients. The dropout rate (Py,0p = 0.05) and the existence of layer normalization stabilize training
and prevent overfitting.
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3.5.4. Position-wise Feed-Forward Network (FEN)

Each multitask Transformer encoder layer has the same feed-forward network (FFN = 2048)
applied to each position in the sequence. Given the input X:

FNN(X) = max(0, XW; +by) Wo + by, (13)

where Wy € Rfmodet*dfs ¢ Rmode¥dfs W, ¢ Rmodel*dff and b, € R¥mode*4f7 Now, d fr is typically
larger than dy,,4e to allow more sensitive transformations [? ].

3.5.5. Global Max Pooling layer

After passing through N multitask Transformer encoder layers (x8) with an output shape of
(32, N, 128), a global max pooling operation [5] reduces the sequence-wide representation to a single
128-dimensional summary vector, which successfully captures the most important properties from the
whole input waveform like its peaks, dicrotic notches, troughs, and inflection points. It was applied to
produce a fixed-length vector:

Z = max Z(N), (14)
1<i<N !

and reducing sequence dimension (32, 128).

3.5.6. Multi-task Learning Output Layer

This latent vector z now encodes the learned representation of the input signal segment. For
Multitask Learning (MTL), it uses a linear layer that outputs both SBP and DBP simultaneously [33]:

g = [9SBP/ yADBP] = zWyy + bour € Rz/ (15)

where Wy € Rfmodet s py € Rimodet s Wy € Rmodet *4ff and by € Rmodet “45 Now, d s is typically
larger than d,;,4e to allow more sensitive transformations [23]

L = MAE(Jspp, ysep) + (98P, YDBP) - (16)
where
1N
MAE(y,§) = NZ}%—JM- (17)
i=1

Minimizing the combined L; loss enables the cBP-Tnet model to improve performance on both
tasks at the same time, balancing learning and guaranteeing that the latent representation can predict
both SBP and DBP. The training section shows the usage of a OneCycleLR learning rate schedule at
0.001 and an optimal training run (1,295 epochs) that is still 13.67 % faster than the current state of
the art [5], saving the best model based on the best combined validation L; loss. A gradient clipping
threshold (t = 4.0) was also implemented to stabilize the training phase; that is, it employs the
OneCycle learning rate schedule [34] with an L; loss that initially increases and then decreases the
learning rate to help converge to better minima. Gradient clipping prevents the exploding gradients:

IVoLll2 < 7, (18)
where T is a predefined threshold (7 = 4.0). The final output shape was (32, 2).

4. cBP-Tnet Experimental Results and Discussions

This section includes Leave-One-Subject-Out (LOSO) experiments, hyperparameter tuning/analysis,
comparative analysis with related works, and model evaluation and visualization to understand the
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effect of gradual performance improvement of various factors added to the model and further optimize
model performance.

4.1. Leave-One-Subject-Out (LOSO) Experiments

Table 1 depicts the incremental improvement of the proposed cBP-Tnet for estimating blood
pressure from raw photoplethysmography (PPG) signals automatically.

Table 1. Leave-One-Subject-Out (LOSO) Experiments (2-s Window Raw Signal, Base Model)

Systolic Blood Pressure Diastolic Blood Pressure

LOSO Experiments

(MAE, mmHg) (MAE, mmHg)
cBP-Tnet (raw PPG only) 5.72 3.09
BP-Tnet (raw PPG + PPG/) 5.08 (¥11.24%) 2.79 (¥9.55%)

_ /

cBP-Tnet (raw PPG + PPG’ + 5.00 (V1.56%) 2.75 (V1.43%)
PPG")
cBP-Tnet (raw PPG + PPG’ +
PPG” + Adaptive Kalman 4.95(v1.06%) 2.80(v1.56%)
Filter)
cBP-Tnet (raw PPG + PPG’ +
PPG” + Adaptive Kalman Filter 4.81(92.69%) 2.38(v14.84%)
+ SBP/DBP Outlier Removal)
cBP-Tnet (raw PPG + PPG’ +
PPG” + Adaptive Kalman Filter o o
+ SBP/DBP Outlier Removal + 4.80(v0.29%) 2.35(v1.30%)
Signal Synchronization)
cBP-Tnet (raw PPG + PPG’ +
PPG" + Adaptive Kalman Filter +
SBP/DBP Outlier Removal + 4.71(v1.85%) 2.34(v0.43%)

Signal Synchronization + Data
Augmentation)

Each row illustrates a different model and preprocessing pipeline, beginning with a simple
baseline (just the raw PPG waveform) and gradually introducing additional signal derivatives, filtering
algorithms, data synchronization and augmentation mechanisms. The values shown are the mean
absolute errors (MAEs) in mmHg for both systolic and diastolic blood pressure measurements using
a Leave-One-Subject-Out (LOSO) scheme, in which each individual in the dataset is removed from
the training set in turn to assess how well the model generalizes to previously unseen subjects.
The validation loss MAE was used initially in the based model while the extended (final) model
used the testing loss MAE. It should be noted that based on AAMI international standard the MAE
must be less than 5 mmHg with greater than 85 subjects [19]. Firstly, the model reaches certain
baseline errors using only the raw PPG signal (for example, 5.72 mmHg for systolic pressure and
3.09 mmHg for diastolic pressure). The error values gradually decrease as more detailed signal
processing processes are added to following rows, such as adding the first and second derivatives
of the PPG waveform (PPG” and PPG”). This shows that more information about the signal’s rate of
change and acceleration can assist the model capture more subtle blood pressure aspects. Finally, data
augmentation procedures artificially increase the diversity and quantity of training samples, hence
enhancing model generalization. The model’s error metrics improve gradually when more components
are added. The MAEs decrease significantly as the pipeline comprises not only the original signal
and its derivatives, but also advanced filtering, outlier treatment, synchronization, and augmentation.
These improvements show that blood pressure prediction using PPG signals is sensitive to noise,
alignment, and data quality. Systematic signal processing and advanced modeling approaches can
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considerably improve the reliability of noninvasive blood pressure predictions, as seen by the lower
MAEs in the table’s final rows.

4.2. Hyperparameter Tuning/Analysis

Table 2 summarizes hyperparameter tuning experiments performed on the proposed cBP-Tnet
model to increase its capabilities to estimate systolic and diastolic blood pressures (SBP and DBP) from

raw PPG input data.
Table 2. cBP-Tnet Al Model Hyperparameter Tuning/ Analysis
cBP-Tnet
d
Hyperparameter drmodel h N Pirop gci'f S(IB;II;HI\I/_III;)E D(Ililr’nl;/I{g)E
Tuning/Analysis P

c¢BP-Tnet (Base) Model 128 4 8 0.05 4.0 4.71 2.34
64 7.25 3.72

(A)
256 5.03 2.55
6.02 3.15

(B)
4.75 2.36
6 477 2.42

©
10 4.76 2.37
0.00 474 2.37

(D)
0.10 4.87 2.46
0.0 145.43 69.72

(E)
8.0 4.75 2.36
cBP-Tnet (Extended) Model 128 4 8 0.05 4.0 4.32 2.18

Each row represents a change in one or more model parameters, including the model dimension-
ality (dmode1), the number of heads (/) in the multi-head attention mechanism, the number of encoder
blocks (N), the probability of dropout (Pyop), and the gradient clipping threshold (grad_clip). Along
with these parameter settings, the table shows the corresponding mean absolute error (MAE) values for
SBP and DBP, which indicate how well the model predicts blood pressure relative to genuine observed
results—lower the MAE, the better. In the “Base” configuration, where d;;,oqe1 = 128, h =4, N = §,
Pyrop = 0.05, and grad_clip = 4.0, the model originally trained for 150 epochs (10 % of the previous
state of the art [5]) produces MAEs of 4.68 mmHg for SBP and 2.36 mmHg for DBP. The next rows (A
through E) indicate systematic experimental trials to change important parameters. In (A), the model
dimensionality is either reduced to 64 or increased to 256. We observe that smaller dimensionality
significantly increases error (SBP MAE ~ 7.25 mmHg), while larger dimensionality (256) improves
performance slightly (SBP MAE ~ 5.03 mmHg) but not beyond the original baseline. Similarly, in
(B), decreasing the number of attention heads from four to two impairs forecasts, whereas increasing
to eight heads brings SBP MAE closer to the original values but with no substantial improvement
over baseline. Part C adjusts the number of encoder layers (N), comparing 6 and 10 layers to the
original 8. Adjustments to the depth result in minor error variations, but no significant improvement in
performance (SBP MAE ~ 4.76-4.77 mmHg and DBP MAE ~ 2.37-2.42 mmHg). Part (D) tests various
dropout probabilities. A 0% dropout rate results in comparable performance (SBP MAE ~ 4.74 mmHg)
to the baseline, indicating that a moderate dropout value may provide stability but is not necessary. A
greater dropout rate (0.10) somewhat decreases performance, implying that excessive dropout may
degrade model accuracy. Finally, part (E) examines the impact of gradient clipping. Eliminating
gradient clipping (0.0) results in a catastrophic failure (SBP MAE rises to 145.43 mmHg), indicating
that uncontrolled gradients significantly disrupt training. In contrast, a high gradient clip value
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(grad_clip = 8.0) returns performance to the baseline, demonstrating the necessity of managing gradi-
ent explosion. By the end of these extensive experimental trials and hyperparameter tuning/analysis,
the researchers identified the final optimal configuration: dpogel = 128, h =4, N =8, Pyop = 0.05,
and grad_clip = 4.0. Training the model for up to the optimal 1295 epochs (based on the best combined
SBP/DBP validation L; loss) yielded a noticeable improvement in accuracy, reducing the SBP MAE to
4.31 mmHg and the DBP MAE to 2.18 mmHg. Showing that careful and methodical tuning of network
architecture and training parameters is necessary to achieve robust performance in blood pressure
prediction tasks, and that certain settings—particularly controlling model size, maintaining moderate
dropout, and preventing gradient explosion—are key to achieving high-quality, stable results.

4.3. Comparison Against Related Deep Learning Methods to Estimate Blood Pressure with Automatic Feature
Extraction using Photolethysmogram Feature Extraction

Table 3 summarizes the progress of research methods and performance benchmarks for non-
invasive continuous blood pressure estimation using photoplethysmogram (PPG) signals with auto-
matic feature extraction mechanisms.

Table 3. Deep Learning-Based Related Methods to Estimate Blood Pressure with Automatic Photoplethysmogram
Feature Extraction Mechanisms

Related Deep Learning
Methods SBP (MAE, mmHg) DBP (MAE, mmHg)
ResNet 9.43 (r=N/A) 6.88 (r=N/A)
MTFEF-ANN 5.59 (r=0.92) 3.36 (r=0.86)
TCN-CBAM 5.35 (r=0.80) 2.12 (r=0.60)
cBP-Tnet 4.32 (r=0.89) 2.18 (r=0.87)

The top row, representing Slapnicar et al. [15] (2019), uses a ResNet-based architecture on
510 participants but performs poorly, with MAEs well exceeding the AAMI standard threshold of
5 mmHg for both systolic and diastolic pressures. Not only do the results fail the AAMI requirements,
but the model apparently requires lengthy training periods (up to 10,000 epochs), indicating problems
with training efficiency and scalability. Rong et al. [16] (2021) use a multi-type feature fusion (MTFF-
ANN) technique to a small dataset of 11,546 samples only, yielding better but still insufficient systolic
MAE. While the diastolic estimate meets the AAMI criteria, the very complex and difficult automatic
feature extraction process and the small sample size call into question the model’s applicability to
larger populations and situations. Dai et al. [5] (2024) incorporate temporal convolutional networks
and a CBAM attention mechanism over a huge dataset of 270,488 samples to achieve even greater
improvements. Although the diastolic MAE is great and meets the AAMI standard, the systolic estima-
tion fails, and the model takes at least 1,500 epochs to converge. This intricacy and extensive training
burden indicate a smart but not totally efficient system. In contrast, the proposed cBP-Tnet model
that makes use of a multitask learning Transformer-based network outperforms all the recent studies.
It was based on random 500 patient records (202,956 samples), it achieves significantly lower MAEs
for both systolic (4.32 mmHg) and diastolic (2.18 mmHg) pressures, meeting the AAMI requirement.
Remarkably, this strategy reduces training time to only 1,295 epochs, a 13.67% improvement over
its latest competitor [5], while employing a simpler single-model deep learning framework. This
not only simplifies model design, but may also reduce computational and infrastructure demands.
The proposed cBP-Tnet Al model demonstrates that systematic improvements in model architectures,
sample sizes, and training protocols can finally close the clinical standard gap, paving the way for
more practical and widespread use of continuous non-invasive blood pressure monitoring tools. Opti-
mizing the potential to be integrated /enable non-invasive continuous monitoring by home and mobile
health-care devices.
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4.4. ¢cBP-Tnet Evaluation and Visualization

Figure 3 and 4 shows how well a cBP-Tnet Al model predicts systolic and diastolic blood pressure
(DBP) values from specific input signals. In Figure 3, the training loss (blue line) begins very high and
rapidly drops in the initial epochs, demonstrating that the model is effectively learning the underlying
patterns in the data.

Training and Validation Loss for SBP and DBP
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Figure 3. cBP-Tnet Al Model Training and Validation Loss Plot for SBP and DBP - Optimal Epochs: 1295.

As training develops beyond the early stages, the loss gradually decreases, eventually stabilizing
at a lower value. The validation loss (yellow line), while initially higher, follows a general downward
trend, indicating that the model is generalizing to previously unseen data rather than overfitting. By
1295 epochs, the training and validation losses appear to have stabilized, indicating that the chosen
training duration is appropriate as it is designed to save the best model based on the best combined
validation L1 loss. The model’s performance was better highlighted in the SBP and DBP prediction
against actual plot as shown in Figure 4.
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Figure 4. cBP-Tnet Al Model SBP (Top) and DBP (bottom) Prediction vs. Actual (Test) Plots.
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The predicted SBP (dashed red line) closely reflects the real SBP (solid blue line) values across
the sample series, suggesting a high capacity to simulate the dynamic changes of systolic pressure.
Similarly, while DBP has higher fluctuation and the peaks and troughs may not coincide completely, the
predicted values (green line) show a general relationship with the actual data (yellow line). This shows
that the model has learned the most common patterns in DBP, however it may be more susceptible to
noise or more complex fluctuations in diastolic pressure. The predicted vs. actual scatter graph test
results for systolic blood pressure (SBP) in Figure 5 and diastolic blood pressure (DBP) in Figure 6
shows how the model’s anticipated values compare to the actual measurements.

SBP (Test) Predicted vs. Actual

180 Correlation Cocfficient: 0,885 Py

o
L

G]OO'
5
=
N
Ay
m 140 4 .
7]
3 o
L
13)
- -
= 120 4 )
e °
(=¥
t R
100 o,

TE o -

Data Points
Regression Line
y=0.87x+19.25

S’O lC‘bO |2'0 1-'w l(‘)O 1;10
Actual SBP (Test)
Figure 5. cBP-Tnet Al Model SBP (Test) Predicted vs. Actual Plot, r=88.5%.

Each point represents a single test case, with the horizontal axis representing the actual measured
blood pressure and the vertical axis representing the model’s predicted value for that same instance. A
strong linear trend, as seen in both graphs, implies that the model is capturing a significant portion of
the underlying pattern: correlation coefficients of roughly 0.885 for SBP and 0.874 for DBP indicate a
high degree of linear relationship. The red regression lines fitted across the data points, with slopes of
roughly 0.87 for SBP and 0.84 for DBP and moderate intercept values, demonstrate that forecasts often
grow in tandem with actual values.
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Figure 6. cBP-Tnet Al Model DBP (Test) Predicted vs. Actual Plot, r=87.4%.
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However, the appearance of substantial scatter around these regression lines indicates that, while
the model’s predictions are frequently accurate, they are not flawless. Some examples fall well above
or below the line, indicating over- or under-prediction. But, these plots provide a visual assessment of
prediction accuracy, demonstrating that the model performs well for a substantial chunk of the data
but has room for improvement in terms of precision and consistency.

5. Conclusions

To date, cBP-Tnet was the only deep learning method with automatic photoplethysmogram
feature extraction to have both Systolic (4.32 mmHg) and Diastolic (2.18 mmHg) blood pressure
acceptable to the Association for the Advancement of Medical Instrumentation (AAMI) international
standards (<5 mmHg, >85 subjects) [19]. cBP-Tnet was designed effectively as it is single channel and
model compared to the recent deep learning methods for continuous non-invasive blood pressure
monitoring [5,15,16] which were hybrids and/or complex in design that needs multiple models. The
cBP-Tnet method efficiently takes 13.67% faster to train and still output better and AAMI accepted
results compared to recent studies [5] in the field. This establishes cBP-Tnet’s potential for integration
into wearable and home-based healthcare devices, paving the way for more accessible, dependable
continuous non-invasive blood pressure monitoring. Code is available at: https://github.com/
apimentel-ECE/cBP-Tnet.git
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Abbreviations

The following abbreviations are used in this manuscript:

MIMIC-II Multiparameter Intelligent Monitoring in Intensive Care II
TCN-CBAM Temporal Convolutional Network- Convolutional Block Attention Module
MTFF-ANN Multi-type Features Fusion Artificial Neural Network

BiLSTM Bidirectional Long Short-Term Memory
AAMI Association for the Advancement of Medical Instrumentation
Resnet Residual Neural Network

mmHg Millimetre of Mercury

LOSO Leave-One-Subject-Out

ECG Electrocardiogram

BCG Ballistocardiogram

PPG Photoplethysmogram

MTL Multi-Task Learning

PTT Pulse Transit Time

PWV Pulse Wave Velocity

ABP Arterial Blood Pressure
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SBP Systolic Blood Pressure

DBP Diastolic Blood Pressure

CNN Convolutional Neural Networks
RNN Recurrent Neural Networks
MAE Mean Absolute Error

Al Artificial Intelligence

BP Blood Pressure

r Pearson correlation coefficient
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