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Abstract

In today’s world, cardiovascular health challenges constitute the foremost
causes of death due to a lack of timely medical attention. This concerns the
present non-continuous, uncomfortable, and expensive clinical techniques for
assessing cardiovascular health. Meanwhile, photoplethysmographic (PPG)
signals contain valuable information concerning the human cardiovascular
system. They may be exploited to extract physiological parameters, which can
provide simple, convenient, and continuous monitoring of cardiovascular
health. Although, some works have attempted to determine crucial
physiological parameters from the photoplethysmogram, they do not extract
these parameters simultaneously with high estimation accuracy. Consequently,
this work performs a pulse wave analysis of the photoplethysmogram using
four machine-learning (ML) techniques (XGBoost, feedforward ANN, RNN,
and Bi-LSTM) to simultaneously estimate key physiological parameters (heart
rate (HR) and blood pressure (BP)) to monitor the cardiovascular system. The
ML models are developed and evaluated using a publicly available dataset,
which contains a handcrafted 46-feature dataset extracted from a 3D input
consisting of the photoplethysmogram (PPG), velocity photoplethysmogram
(VPG), and acceleration photoplethysmogram (APG) signals. The performance
evaluation of the machine learning models was implemented using k-fold
cross-validation and typical error indices, such as mean absolute error (MAE),
mean squared error (MSE), and root mean square error (RMSE) visualized
through cross-validation plots, test set metric plots, and parity plots. This study
revealed that the ML models achieved a mean absolute error (MAE) of less
than 0.5 for heart rate, and less than 1 for diastolic, systolic, and arterial
blood pressures, respectively, outperforming existing research.

© 2026 by the author(s). This article is open access under the CC BY -
NC-ND license

1.0 INTRODUCTION

Statistics from the World Health Organization
(WHO) reveal that cardiovascular diseases are
among the foremost causes of high death rates
globally [1]. Early detection of these diseases could
inform appropriate and timely clinical intervention,
which could have prevented the deaths of the
victims. However, gold standard methods such as
cuff-based blood pressure monitors and pulse
oximeters, which may sometimes require the patient
to be physically present at a hospital, make the

continuous monitoring of the cardiovascular system
difficult [2]. Moreover, cuff-based techniques are not

Vol. 45, No. 1, March 2026


mailto:aamusan@unilag.edu.ng
https://doi.org/10.4314/njt.2025.4570
http://www.nijotech.com/
https://doi.org/10.4314/njt.2025.4570
https://doi.org/10.4314/njt.2025.4570

193

Amusan et al. (2026)

simple, comfortable, and easy to implement by users
outside a clinical setting [3]. Meanwhile, recent years
have seen the emergence of biological signals
(electrocardiograms (ECGs) and
photoplethysmograms  (PPGs)), which contain
information about the cardiovascular system [4].
Photoplethysmography involves measuring blood
volumetric changes induced by the cardiac cycle in
the human body. To obtain the photoplethysmogram,
the skin is illuminated with an optical source (often
generated from a light-emitting diode), while small
variations in the reflected or transmitted light
intensity are measured using a photodetector. These
variations relate to changes in blood volume,
producing a waveform that may provide significant
information concerning the human cardiovascular
system. These signals reflect the physiological
changes in the human body and may be analyzed to
continuously observe the condition of the
cardiovascular system, notifying the patient of any
abnormality. Precisely, important features may be
extracted that correspond to critical physiological
parameters like heart rate, blood pressure, respiratory
rate, oxygen saturation, and heart rate variability,

which model the state of the cardiovascular system
[5].

Although ECG-based methods accurately estimate
physiological parameters, they only apply in clinical
environments. Moreover, they are not easy and
comfortable to implement since they require an
electrode attached to the human body, which can
cause irritation, drying, or discomfort over time [6].
Meanwhile, PPG-based methods are simple,
convenient, easy, and economical when utilized and
may be employed outside clinical environments [7].

Although the PPG waveform contains rich
information to extract features to observe the
physiological parameters for valuable insight into the
human cardiovascular system [8], precise parameter
extraction is crucial. PPG signal analysis can be
impaired by noise and motion artifacts resulting to
measurement errors. These errors can be mitigated by
using a hybrid approach, such as machine learning
for parameter extraction, due to the possibility of
adaptive learning beyond handcrafted features.
Further description of  important PPG
concept/terminology is given in Table 1.
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Figure 1: Block diagram showing the different stages of the methodology

adopted in this work

We explored existing research works that have
understudied the PPG waveform and used it to
extract significant physiological parameters, with the
contributions and limitations of each work. For
example, the authors in [11] developed a compact
device to measure multiple physiological parameters
(hematocrit, SpO-, pulse, and respiration rate) using
PPG, and blood pressure using oscillometric
methods. They employed multiple linear regression
and digital filtering techniques. However, the device
was not wearable, supported only one-time
measurement, and used a cuff for BP, not PPG.
Another work in [12] used a support vector machine
(SVM) to estimate blood pressure from PPG data
(University of Queensland dataset). Preprocessing
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involved low-pass filtering, with 75% of the data
used for training. It only estimated blood pressure
and did not incorporate other physiological
parameters. Furthermore, the authors in [13]
measured heart rate and respiratory rate using
bandpass filtering and DFT-based pulse wave
analysis. Specific frequency ranges were used for
filtering. Blood pressure was not measured. Existing
works mainly focused on extracting a single
physiological parameter, such as cardiac output, heart
rate, blood pressure, and glucose monitoring from the

PPG waveform [14] [17]. However, multiple
physiological —parameters may be extracted
simultaneously to provide robust insight into

cardiovascular health, thereby detecting possible
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abnormalities [9], [18]. Thus, this research focuses
on the pulse wave analysis of the PPG waveform to
simultaneously  estimate critical physiological
parameters and monitor cardiovascular health.
Consequently, this research simultaneously extracts
four parameters from the Photoplethysmogram using
ML methods. In addition, this study improves the
work performed in [9], which is the baseline study.
To do this, a robust dataset containing handcrafted
features was obtained from a 3-D input comprising
the PPG, VPG, and APG, as recorded in the publicly
available MIMIC-III dataset. Then, the dataset was
prepared using adequate data preprocessing
techniques  involving  data  reduction  and
normalization. The data reduction step comprises the
computation of the root mean squared value of each
waveform extracted over a period of 8 seconds to
reduce the dataset complexity, while the data
normalization step involves the downscaling of the
dataset to reduce computation complexity.
Subsequently, we employed 80% of the prepared

dataset to develop and train selected machine
learning models which are extreme gradient boosting
(XGBoost), feedforward artificial neural network
(ANN), recurrent neural network (RNN), and
bidirectional long short-term memory (Bi-LSTM), to
compare the performance of the shallow model
regressor (XGBoost) with the deep model regressors
(ANN, RNN and Bi-LSTM). Then, the trained
models were tested by deploying them to
simultaneously estimate selected parameters such as
the heart rate (HR), arterial blood pressure (ABP),
systolic blood pressure (SBP), and diastolic blood
pressure (DBP) using the remaining 20% of the
prepared dataset. Moreover, the prediction
performance of the developed models was evaluated
on each physiological parameter using k-fold cross-
validation and test set metrics, including mean
absolute error (MAE), mean squared error (MSE),
and root mean squared error (RMSE), with results
visualized through cross-validation plots, test set
metric plots, and parity plots.

Table 1: A comprehensive description of important concepts on photoplethysmography

Important Concepts

Description

Measuring Site

The PPG signal quality highly depends on the site from which the
measurement is taken in the body [9]. Particularly, the signal quality, shape,
and robustness to motion artifacts are influenced by the measuring location in
the body. Some known body sites from which PPG measurement may be
taken include the fingertip, wrist, earlobe, forehead, eyes, etc. Among these
body sites, PPG signals measured from the fingertip provide the most
analyzable waveforms [10]. Consequently, this study focuses on the pulse
wave analysis of PPG signals measured from the fingertip.

Modes
Measurement

of

As mentioned earlier, the Photoplethysmographic waveform is produced by
the variations of the light intensity moving from the source (LED) to the
photodetector. The path of light from the emitter to the receiver determines
the mode of operation. In relation to how the emitter and receiver are placed,
there are two approaches to measuring PPG signals from the human body: the
transmissive and reflective modes [1].

The PPG Waveform

The photoplethysmogram (PPG) waveform can be segmented into two main
sections, namely, anacrotic and catacrotic phase/section. The anacrotic region
corresponds to the rising edge of the waveform, whereas the catacrotic region
represents the falling edge. Precisely, the first section (anacrotic segment)
often models the systolic phase, while the second section (catacrotic segment)
describes the cardiac cycle diastole. In the systolic phase, the heart contracts
pushing oxygenated blood through the blood vessels to the peripheral parts of
the body, while in the diastolic phase, the heart retracts to suck in
deoxygenated blood. Certain information features may be observed and
identified from the PPG waveform, such as systolic amplitude, pulse width,
pulse area, peak-to-peak interval, pulse interval, etc. In addition, the first- and
second-time derivatives of the PPG signal — VPG and APG, have been
discovered to provide good features for accurately estimating blood pressure.

Physiological
Parameters

heart rate, heart rate variability, respiratory rate, blood pressure, and blood
oxygen saturation.

In summary, this work extracts four physiological
parameters from the PPG signal using a machine

@ © 2026 by the author(s). Licensee NIJOTECH.
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models. The remaining section of the manuscript is
organized as follows. Section 2 describes the
methodology used, while the results obtained are
presented and discussed in Section 3. The conclusion
and recommendation are presented in Section 4.
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Figure 2: Flow chart showing the different stages of
the methodology adopted in this work

2.0 METHODOLOGY

The methodology adopted in this work is illustrated
in the block diagram in Figure 1 and the flowchart in
Figure 2. This comprises four stages: dataset
collection, dataset preparation, model training and
testing, and model performance evaluation. Dataset
collection involves loading the PPG signals and
corresponding labels (HR, ABP, SBP, DBP) from
.mat files, with caching to optimize processing.
Dataset preparation includes computing handcrafted
features, 1D root mean square (RMS), 2D flattened
features for XGBoost and ANN, while retaining 3D
time-series data for RNN and Bi-LSTM models,
followed by scaling using StandardScaler. Model
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training and testing were performed using XGBoost
and ANN with a MultiOutputRegressor for 1D
handcrafted features or 2D data, and RNN and Bi-
LSTM models for 1D, 2D or 3D data, using 80% of
the dataset for training and 20% for testing to predict
four-dimensional vectors (HR, ABP, SBP, DBP).
Model performance evaluation assesses all models
using k-fold cross-validation and test set metrics
(MAE, MSE, RMSE), with results visualized through
cross-validation plots, test set metric plots, and parity
plots. Figure 1 shows the pictorial description of this
methodological approach, illustrating dataset
collection, dataset preparation, machine learning
model training, testing, and performance evaluation.

2.1 Database

The database employed in this study was collected
from an existing work by Kanoga et al. [9]. This
dataset is publicly available and can be accessed via
the Google link provided by the author in reference
[19]. The dataset contains cleaned, segmented, and
preprocessed data from the MIMIC-III waveform
database matched subset database series, which
contains thousands of recordings of multiple
biosignals and time series of vital signs. Specifically,
a handcrafted 46-feature dataset of 1811 subjects
extracted from a three-dimensional (3D) data input
containing photoplethysmograms (PPGs), velocity
photoplethysmograms (VPGs), and acceleration
photoplethysmograms (APGs) with a length of 1000
values were employed. These handcrafted features
are mapped to data labels including HR, ABP, SBP,
and DBP, averaged over an 8-second window to
obtain numeric records. The dataset is organized into
three categories or cases — 1% category (subject
independent), 2™ category (subject dependent), and
37 category (complete subject dependent). In this
work, we adopted the 3™ category owing to the
reduced size because of the available training
samples in the dataset (620,382) compared to case 1
(1,514,633) and case 2 (2,135,015). Specifically, we
divide the dataset into two segments — the training
dataset (80% | 1453 subjects) and the testing dataset
(20% | 358 subjects).

2.2  Machine Learning Techniques and Feature
Engineering
In this study, the impact of feature engineering on the
ML model performance is investigated for the
simultaneous estimation of cardiovascular variables
(HR, BP). Two classes of models are employed:
shallow regressors and deep learning architecture.
The shallow model used is XGBoost, while the deep
learning models include ANN, RNN, and Bi-LSTM

Vol. 45, No. 1, March 2026
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networks. A key focus of this work is a systematic

exploration of different feature representations,

influences model performance. Three feature formats
are considered:

1. 1D root mean square (RMS) features: These
summarize the signal energy in each channel and
serve as compact statistical descriptors. This was
performed by computing the RMS of each
waveform as opposed to the average value in the
baseline method [15]

2. 2D flattened features: Represent spatial and
temporal patterns in a flattened matrix format,
preserving more local variability than RMS
features.

3. 3D structured features: Retain the full temporal
and spatial structure of the original signals,
allowing models like RNN and Bi-LSTM to
learn from sequential dependencies and
contextual information.

The XGBoost and Feedforward Neural Network
models were evaluated using 1D and 2D features,
while the RNN and Bi-LSTM models were
additionally assessed using 3D features to exploit
their temporal modeling capabilities. While complex
feature engineering can enhance performance, its
effectiveness depends on the alignment between the
feature structure and the model's inductive bias;
hence, by exploring different feature representations
and dimensional reduction, we can draw some
insights into how we can use Al effectively to
represent some of the physics in humans.

aimed at understanding how the choice of features

2.3  Materials and Simulation Environment

All computational experiments were performed on
the Stampede3 supercomputer at the Texas Advanced
Computing Center (TACC) (details shown in Table
2). We utilized two compute nodes, each equipped
with an Intel Xeon Phi 7250 (Knights Landing)
processor containing 68 physical cores, supporting
up to 4 hardware threads per core. This configuration
provided a total of 224 logical. Each node offered 96
GB of high-bandwidth MCDRAM and 96 GB of
DDR4 RAM, totaling 384 GB of available memory
across the two nodes. Nodes were interconnected via
Intel Omni-Path Architecture (OPA) to ensure high-
speed, low-latency communication for parallel
computations. Jobs were submitted and executed
using the Slurm Parallel Runtime (SPR)
environment, leveraging MPI-based parallelization
for efficient scaling of compute-intensive
simulations. The program code used in this research
was written in the Python programming language,
and development was carried out using Visual Studio
Code (VS Code), an integrated development
environment (IDE) developed by Microsoft. All
compute resources were accessed remotely via secure
connections through VS Code’s Remote SSH
extension, allowing seamless code development and
execution on Stampede3 nodes.

Table 2: Computational environment and simulation setup

Category Details

Computing Platform Stampede3 Supercomputer, Texas Advanced
Computing Center (TACC)

Compute Nodes Used 2 nodes

Processor Type Intel Xeon Phi 7250 (Knights Landing)

Cores per Node 68 physical cores (64 used for computation)

Hardware Threads per Core Upto4

Total Logical Processors 224 (2 nodes x 64 cores x 2 threads)

Memory per Node 96 GB MCDRAM + 96 GB DDR4 RAM

Total Available Memory 384 GB (192 GB per node x 2 nodes)

Interconnect Intel Omni-Path Architecture (OPA)

Job Scheduler Slurm Parallel Runtime (SPR)

Parallelization Method MPI-based

Programming Language Python

Development Environment Visual Studio Code (VS Code)

Simulation & ML | Jupyter Notebook

Environment

Machine Learning Libraries - numpy (numerical computation) - pandas (data
manipulation) - hSpy (HDFS access) - xgboost (gradient
boosting) - scikit-learn (classical ML) - tensorflow
(neural networks)

@ © 2026 by the author(s). Licensee NIJOTECH.
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3.0 RESULTS AND DISCUSSION

The results obtained are presented highlighting
comparisons with existing approaches and a baseline
reference. The performance was quantitatively
assessed and benchmarked through established
metrics such as MAE, MSE, and RMSE. The
analysis highlights the improvements achieved by
our approach relative to prior studies and
demonstrates its superior predictive accuracy and
robustness.

3.1 Extreme
Model

The shallow model that was trained and deployed is

the XGBoost regressor. XGBoost is a robust

Gradient Boosting (XGBoost)

gradient-boosting model based on a sequential
ensemble of decision trees to minimize prediction
errors and with inbuilt regularization to prevent
overfitting. The model is configured for regression
tasks with a squared error loss function
(‘reg:squarederror’), 100 boosting rounds, and
RMSE as the evaluation metric. It was wrapped in
"MultiOutputRegressor' to extend its function to
handle multi-target regression by fitting different
regressors for each target variable. The model was
trained using scaled input features and target
variables, ensuring consistent feature scaling for
improved performance and accuracy (see Table 3 for
details).

Table 3: Hyperparameters and configuration values used for
the development of the X(G-boost model

Hyperparameters/Configuration | Value
Learning Rate 0.1

Maximum Depth 6

Number of Estimators 100
Subsample 0.8
Colsample by Tree 0.8
Regularization (A) 1.0
Regularization (o) 0.0

Objective Squared Error
Booster Gradient Boosted Tree
Minimum Child Weight 1

The hyperparameters of the XGBoost model were
selected based on a combination of cross-validation
and computational considerations. We employed k-
fold cross-validation to assess model stability and
generalization performance. Given the large size of
the dataset and the substantial training time required,
extensive hyperparameter optimization (e.g., grid or
Bayesian search) was not pursued. We started from
the default configuration and tuned minimally such
as lowering the learning rate to 0.1, as well as
subsample and column subsample to 0.8, to improve
randomness, prevent overfitting and ultimately
improve the model stability and generalization. This
initial model configuration already demonstrated
robust and stable performance across folds, with
strong predictive accuracy and minimal variance.
Further hyperparameter tuning did not yield
meaningful performance gains relative to the
increased computational cost.

@ © 2026 by the author(s). Licensee NIJOTECH.
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3.2 Feedforward Artificial Neural Network
(ANN)

The feedforward ANN is a brain-inspired model

where data flows in one direction from the input

layer through one or more hidden layers to the output

layer without any feedback connections.

The feedforward ANN model was deployed using
TensorFlow and Keras, while the model was built
using the "Sequential® class, allowing stacking layers
sequentially. The network has multiple dense layers,
with each layer followed by batch normalization and
dropout. The first dense layer has 128 neurons and
inputs shaped like the scaled input of "X", where X
denotes the training data, which contains the input
feature matrix. This is followed by two dense layers
with 64 and 32 neurons, respectively. The hidden
(dense) layers applied a rectified linear activation
function (ReLU) and L2 regularization with a penalty
factor of 0.01 and batch normalization for stabilizing
the training. Dropout was applied at a rate of 0.3 to
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avoid overfitting. The output layer consists of 4
neurons with a linear activation function, which is
suitable for regression tasks with continuous output
values. The model was then compiled using the
Adam optimizer and mean squared error as the loss
function, which is typical for regression problems
(See Table 4 for more details). An EarlyStopping
callback is implemented to monitor the validation
loss and stop training if it does not improve for three

consecutive epochs (“patience=5"), helping to prevent
overfitting. The model is then trained using the “fit’
method, with the scaled input and scaled target
values. The training is split into a validation set using
20% of the data. The training runs for a maximum of
50 epochs, with a batch size of 32. The early
stopping ensures that the best model, based on
validation performance, is retained.

Table 4: Hyperparameters and configurations for ANN, RNN, and Bi-LSTM model

Hyperparameters/Configuration ANN RNN Bi-LSTM
Number of Hidden Layers 3 3 3
Hidden Units per Layer 128, 64, 32 64,32, 16 64,32, 16
Input Shape (3, (1,3) (1,3)
Activation Function ReLU ReLU Tanh
Learning Rate 0.001 0.001 0.001
Optimizer Adam Adam Adam
Batch Size 32 32 32
Epochs 100 50 50
Dropout Rate 0.3 0.2 0.2
Loss Function Mean Squared Mean Squared Mean Squared
Error Error Error
Initializer He Normal Nil Nil
Recurrent Unit Type Nil Nil Bi-LSTM
Merge Mode Nil Nil Concatenate

3.3 Recurrent Neural Networks (RNN)

Unlike the feedforward ANN, the RNN has a
feedback path from the hidden layer to the inputs, so
that the output depends not only on the current inputs
but also on previous hidden states. To facilitate a
more comprehensive and robust comparison across
machine learning models, a standard RNN is
employed to train and predict the four key
physiological parameters. The RNN architecture,
characterized by its recurrent connections, allows
information to persist over time steps, making it
suitable for modeling sequential data (See Table 4).
Unlike more advanced variants such as LSTM or Bi-
LSTM, the standard RNN operates with a simpler
structure and shorter memory, serving as a useful
baseline. Prior to model training, the temporal signal
data is compressed by computing the RMS value
over time, effectively reducing the dataset to a single
representative value per signal. The predictive
performance of the RNN is evaluated using MAE,
MSE, and RMSE, ensuring consistent performance
assessment across all model types.

3.4 Bidirectional Long Short-Term Memory
(Bi-LSTM)

@ © 2026 by the author(s). Licensee NIJOTECH.
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The Bi-LSTM network is a specialized RNN
architecture that propagates the input sequences in
both forward and backward directions, allowing the
network to model contextual dependencies from both
past and future steps. This bidirectional structure
enhances the model's ability to learn temporal
patterns in physiological signals, particularly when
current states are influenced by both prior and
subsequent values. The predictive performance of the
Bi-LSTM model is quantitatively assessed using
standard regression metrics: MAE, MSE, and RMSE,
providing a detailed measurement of its accuracy and
robustness across different signal representations.

3.5 Performance Evaluation using MAE, MSE,
and RMSE Metrics
This work utilizes performance evaluation metrics
such as mean absolute error (MAE), mean squared
error (MSE), and root mean squared error (RMSE),
to evaluate the developed machine learning models.
These evaluation metrics provide an intuitive
comparison between the predicted value and the true
value. The MAE is computed as the average of the
absolute errors between the predicted and true value,
while the MSE is calculated as the average of the

Vol. 45, No. 1, March 2026
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squared difference between the predicted and true
value. The RMSE is computed by taking the square
root of MSE. These metrics further allow for direct
comparison of the model’s performance with that of
the baseline. To ensure the generalizability of our

model, we did a five-fold cross-validation with
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shuffling (random_state=42) to evaluate the model’s
performance on the training data. We also ensure that
the distribution of samples within the training and
test datasets accurately represents the physiological
space of interest, as seen in Figure 3.
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Figure 3: Distribution of data across the training and testing sets, demonstrating
coverage of the relevant physiological target space to ensure representative and

unbiased model evaluation.

The five-fold cross-validation is a method in which
the original dataset is randomly divided into five
approximately evenly sized subsets or folds. The
model training and evaluation process is then
repeated five times, at every instance with a unique
data subset for validation and the remaining four data
subsets for training. This systematic rotation
guarantees that each data point is used exactly once
for validation and four times for training, minimizing
both bias and variance associated with a single
random train-test split. Low variance in metrics
(MAE, MSE, RMSE) across folds (indicated by
small standard deviations) suggests that the model is
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stable and generalizes well. High variance may
indicate overfitting or sensitivity to data splits. We
also evaluated the performance of Bi-LSTM and
RNN models using different feature representations
across 1D, 2D, and 3D formats. Our results indicate
that, while deeper models generally benefit from
richer feature representations, particularly those that
preserve temporal structure, the performance gains
are not always substantial in comparison to the
additional computational cost associated with
complexity of the feature space, as shown in Figure 4
and 5.
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Figure 4: Performance of Bi-LSTM in predicting physiological parameters using different feature types.

Given that model performance does not significantly five cross-validation folds, while Table 6 reports the

improve with more complex feature spaces, we standard deviation, highlighting the variability in
present the performance metrics based on 1D performance across different models. Comparing the
features in Table 5. This also enables a fair MAE of this work to the baseline study, we find that
comparison with existing models in the literature. the XGBoost model in this study outperforms that in
Table 5 presents the mean performance across the existing baseline research.
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Figure 5: Performance of RNN in predicting physiological parameters using different feature types.

Table 5: Summary of training performance across different machine learning algorithms, evaluated using
cross-validation.
Model HR ABP SBP DBP
MAE | MSE | RMSE | MAE | MSE | RMSE | MAE | MSE | RMSE | MAE | MSE | RMSE
XGBoost | 0.30 | 0.22 0.47 0.67 | 0.79 0.89 0.71 0.85 0.91 0.68 | 0.85 0.92
ANN 0.29 | 0.23 0.48 0.73 | 0.90 0.95 0.75 | 0.92 0.96 0.71 0.91 0.95
RNN 0.27 | 0.21 0.46 0.70 | 0.86 0.93 0.74 | 0.90 0.95 0.69 | 0.87 0.93
Bi-LSTM | 0.25 | 0.19 0.44 0.68 | 0.81 0.90 0.71 0.84 0.92 0.86 | 0.92 0.93

Table 6: Statistical variation of training results (represented as the standard deviation across five cross folds

validation)

Model HR ABP SBP DBP

MAE | MSE | RMSE | MAE | MSE | RMSE | MAE | MSE | RMSE | MAE | MSE | RMSE

XGBoost | 0.0030 | 0.0068 | 0.0072 | 0.0038 | 0.011 | 0.0064 | 0.0022 | 0.0069 | 0.0038 | 0.0041 | 0.015 0.0080
ANN 0.0084 | 0.014 0.015 0.0046 | 0.014 | 0.0076 | 0.0051 | 0.0093 | 0.0048 | 0.0047 | 0.0019

RNN 0.0020 | 0.0081 | 0.0088 | 0.0028 | 0.016 | 0.0086 | 0.0031 | 0.0083 | 0.0044 | 0.0053 | 0.019 0.010

Bi- 0.0023 | 0.0084 | 0.0096 | 0.0043 | 0.014 | 0.0080 | 0.0040 | 0.0088 | 0.0048 | 0.0034 | 0.018 | 0.0095
LSTM
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Figure 6: Comparison of the cross-fold validation mean training errors across different models

3.6. Discussion

The MAE for the test dataset is presented in Table 7,
comparing the models in this study with the baseline
study. The results reveal that our approach gave
lower MAE values across all physiological
parameters (HR, ABP, SBP, DBP), outperforming
the baseline. This improvement stems from two key
techniques. First, unlike the baseline study, which
averages feature vectors to reduce the dataset to a
single value per instance, our method computes the
root mean square (RMS) of PPG, VPG, and APG
signals. This RMS-based feature extraction, which
captures signal energy more effectively, enhances
model estimation accuracy. Second, we applied
standard scaling to both input features and target

variables using standard scaling, ensuring zero mean
and unit variance. This consistent scaling improves
model performance by normalizing data distribution.
Additionally, Table 7 shows that the XGBoost model
achieves lower MAE values compared to the deep
learning models. This is attributed to the dataset size
and computational constraints. Deep learning models
typically excel with large datasets, whereas shallow
models like XGBoost perform better with smaller,
reduced datasets. By using a reduced dataset to lower
data complexity and computational demand, our
approach targets edge devices with limited resources,
making it well-suited for practical deployment.

Table 7: Comparison of the MAE obtained from the test dataset between this work and the baseline study

Model

HR ABP | SBP | DBP

XGBoost (This study)

0.37 0.61 0.68 0.58

ANN (This study)

0.32 0.65 0.73 0.58

RNN (This study)

0.36 0.64 0.67 0.57

Bi-LSTM (This study)

0.28 0.62 0.68 0.56

XGBoost (Baseline Study) [9] 2.42 - 8.58 4.62
Random Forest (RF) [9] 2.42 - 8.81 4.73
MLR [9] 4.22 - 1546 | 7.84
Generalized Regression Neural Network [20] - - 3.96 2.39
Temporal Convolutional Network [10] - - 2.38 1.23
Modified Long-term Recurrent Convolutional Network [12] 1.137 - 2.942 | 1.747
Adaptive Boosting (AdaBoost) [13] - - 11.17 | 5.35
Transfer Learning [21] - - 3.52 2.20
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3.7 Limitations

The dataset used in this study was intentionally
designed to be diverse, encompassing signals from
subjects with varying skin tones, ages, genders, and
other demographic characteristics. While this
diversity enhances the generalizability of the models,
it also introduces variability in the quality of PPG,
VPG, and APG signals. This variability stems from
physiological differences such as skin pigmentation
and vascular properties, which can affect the signal-
to-noise ratio and, in turn, the reliability of extracted
features. These factors may influence model
performance across different target variables (HR,
ABP, SBP, DBP). Future work could investigate
hybrid approaches that combine lightweight feature
extraction with end-to-end deep learning, aiming to
optimize performance on edge devices while
leveraging larger, demographically rich datasets.

CONCLUSION

In this work, the simultaneous estimation of
physiological parameters from a single-channel PPG
signal using ML techniques has been presented.
Physiological parameters, including HR, ABP, SBP,
and DBP were extracted using shallow models
(XGBoost) and deep learning models (feedforward
ANN, RNN, and Bi-LSTM). To achieve this, a clean,
segmented, and preprocessed dataset containing 46
handcrafted features from 1811 subjects, recorded
over an 8-second window was collected. It comprises
several thousand sessions of multiple bio signals and
vital sign time series. The dataset's complexity was
reduced by generating a single value for the
handcrafted 46-feature vector using the root mean
square computation for each instance. The results
reveal that the developed models gave lower MAE,
values across all physiological parameters (HR, ABP,
SBP, DBP), outperforming the baseline. Specifically,
both the shallow (XGBoost) and deep learning
models (ANN, RNN and BiLSTM) achieved a mean
absolute error (MAE), mean squared error (MSE),
and root mean squared error (RMSE) of less than 0.5
for HR, and less than 1 for ABP, SBP, and DBP,
respectively, outperforming existing research. This
improvement can be mainly attributed to the
computation of the root mean square (RMS) of
feature vectors in the PPG, VPG, and APG signal for
dataset reduction as compared to averaging in the
previous work. Also, the use of scaling to input
features and target variables improves model
performance. Models were also developed for 2D
and 3D feature spaces, but no drastic change in
performance was observed as the input is scaled to
2D and 3D. In addition, the XGBoost model
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generally slightly outperforms the deep learning
models owing to the nature of the dataset employed,
since shallow models are known to typically excel
when using a smaller dataset compared to deep
learning models.

Future work involves developing a wearable device
capable of simultaneously estimating key
physiological parameters (e.g., HR, BP, etc.) from
real-time PPG signals using machine learning
models. To achieve this, specialized hardware with
sufficient computational resources to process ML
models in real time needs to be designed and
developed. In addition, this will enable the
development of personalized models tailored to
individual needs, using real-time PPG data for
optimal performance.
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