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Abstract

The healthcare system is experiencing profound change, driven by two key factors: the 
progressive aging of the population and the growing pressure from the increased demand for 
care. In this context, portable devices play a crucial role in enabling remote monitoring, 
particularly for older adults. Many portable devices have already been proposed in the 
literature and introduced to the market. Unfortunately, they all have shortcomings: either they 
require multiple devices and complex configurations, or they lack clear visual or auditory 
feedback. This paper, therefore, presents an innovative, non-invasive, user-friendly 
technological solution for monitoring cardiovascular health. In particular, the device 
integrates high-sensitivity sensors that allow simultaneous acquisition of 
photoplethysmographic (PPG) and electrocardiographic (ECG) signals through direct finger 
contact for 30 seconds, allowing the extraction of fundamental electrocardiographic 
parameters (PR, QRS, QT, RR, HR), oxygen saturation (SpO₂) and second derivative 
photoplethysmography indices SDPTG (b/a, c/a, d/a, e/a, SDPTG-AI). The system was 
validated on an initial cohort of 40 participants (22 women and 18 men; age: 62 ± 11.62 
years) by comparing its performance with that of standard medical-grade instrumentation.
The system showed good agreement with reference measurements for QRS duration, RR 
interval, and heart rate, but the PR interval showed greater variability, likely due to 
difficulties in detecting the P wave. The results concerning SpO₂ were also consistent with 
those obtained using the standard reference instrumentation. Moreover, the analysis of 
SDPTG indices suggests that the device could also serve as a screening tool for vascular 
health. Future work will aim to enhance real-time connectivity, improve P-wave detection 
accuracy, and validate the device in a larger population.

Keywords: ECG measurement, PPG measurement, cardiovascular monitoring, portable health devices, telemedicine, vital 
sign monitoring, signal accuracy.
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1. Introduction

The healthcare sector is undergoing a profound 
transformation, driven by rising demand for personalized 
services and the aging global population. These dynamics are 
redefining research priorities in both the scientific and 
technological domains.

According to the World Social Report 2023, the number of 
people aged 65 and older is projected to double by 2050, 
reaching 1.6 billion—over 16% of the global population 
(Luchsinger and United Nations. Department of Economic 
and Social Affairs n.d.). While increased life expectancy is a 
positive achievement, it also leads to a higher prevalence of 
chronic diseases, more hospitalizations, and a greater need for 
long-term care. These challenges place significant strain on 
healthcare systems, both financially and organizationally. 

Simultaneously, healthcare spending has reached historic 
highs. An Organization for Economic and Social Affairs 
(OECD) study of 30 countries shows that health expenditure 
as a percentage of GDP is at its peak (OECD 2023), driven by 
both rising costs and a general economic slowdown. 
Considering these trends, the healthcare system must be 
restructured to better address growing demand and resource 
constraints.

For this reason, new technologies are key tools that provide 
concrete means to optimize care delivery, improve patient 
monitoring, and enhance prevention. Hence, the healthcare 
services become more efficient, accessible and personalized.

Technological innovation is emerging as a key enabler in 
this transformation. Solutions such as telemedicine, big data, 
artificial intelligence, and wearable sensors can help optimize 
care delivery, improve remote patient monitoring, and support 
preventive strategies. Among these, telemedicine—especially 
when enabled by wearable monitoring devices—plays a 
crucial role in addressing the needs of the older population 
(Alsadoon et al 2024).

The COVID-19 pandemic accelerated the adoption of 
digital tools in healthcare, not only to manage the emergency 
but also to ensure continuity of care. As a result, people have 
become more health-conscious, and the industry has 
responded by developing consumer-grade health monitoring 
tools like smartwatches and pulse oximeters (Yebda et al 
2019) (World Health Organization 2022).

Wearable devices are particularly promising for older 
adults, allowing for early detection of clinical deterioration, 
promoting autonomy, and reducing hospital visits. These 
systems use non-invasive sensors to capture physiological 
signals such as electrocardiogram (ECG), 
photoplethysmography (PPG), and electromyography (EMG), 
from which vital signs like heart rate (HR), oxygen saturation 

(SpO2), and blood pressure (BP) can be derived (Seçkin et al 
2023, Deng et al 2023, Stefana et al 2021). 

 In addition, micro-electro-mechanical systems (MEMS), 
based on miniature motion sensors such as accelerometers, 
gyroscopes, and magnetic field sensors, are widely used to 
monitor the risk of falling, particularly common among older 
people (Majumder et al 2017) (Ebrahim Nemati n.d.). 

In most cases, the data collected by these sensors is 
transmitted to a central unit via wired or wireless connections 
(Serhani et al 2020). This means that the data can be forwarded 
directly to someone’s doctor, who can then adjust treatment 
plans, schedule follow-up visits, and monitor the patient 
remotely, eliminating the need for them to attend the clinic or 
the hospital (Pantelopoulos and Bourbakis 2010). These 
technological solutions help to provide independence in old 
age, contributing to the individual's physical and mental well-
being.

Most systems also include an alarm to alert the physician 
when values fall outside the physiological range. 

Although the patients need continuous monitoring of acute 
cardiovascular diseases, prolonged use of wearable devices or 
Holter systems is not always compatible with their needs 
(Krishnaswami et al 2020). It is therefore necessary to develop 
alternative, complementary solutions that are easy to use and 
enable brief measurements in older patients who are not 
hospitalized. In this way, these tools support conventional 
approaches by offering early diagnoses and ensuring timely 
and targeted interventions (Cowie and Lam 2021). In addition 
to these clinical and organizational challenges, technological 
issues must also be addressed.

In fact, despite their potential, many commercial devices 
suffer from issues such as poor usability, limited accuracy, 
lack of integration across multiple physiological signals, and 
discomfort, especially for older users, as described by Peek et 
al. (Peek et al 2014). Almost all systems require multiple 
devices, cables, or chest straps, which can be inconvenient and 
discourage consistent use without the help of qualified 
personnel.

To address these limitations, this work presents the design 
and validation of a portable cardiovascular monitoring device 
specifically tailored for older users. The system 
simultaneously acquires ECG and PPG signals through a 
simple finger-based interface, eliminating the need for chest 
straps or external wiring. The device has been designed to be 
compact, intuitive and easy to use.

A dual-signal acquisition strategy was adopted in this 
study, as simultaneous ECG and PPG recording allows the 
integration of cardiac and peripheral vascular information 
within the same temporal window (Karimi et al 2025). This 
improves measurement consistency and has been shown in 
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previous works to increase the robustness of cardiovascular 
monitoring systems (Bassiouni et al 2021) 

It should be noted that the proposed device is not intended 
to replace continuous monitoring systems (e.g., Holter 
monitors or long-term wearables). Rather, it is designed to 
provide simple, short (30-seconds), and repeated 
measurements suitable for home-based follow-up. 

To further improve system accessibility, a user interface 
with visual and auditory feedback is also planned. However, 
these aspects are beyond the scope of this study, which focuses 
on the hardware and software validation of the prototype. 
Furthermore, since aging strongly affects vascular dynamics, 
age-related waveform variations were intentionally included 
in the study design.

This paper is structured as follows: Section II reviews the 
state of the art in wearable cardiovascular monitoring; Section 
III describes the materials, methods, and the proposed 
prototype; Section IV presents the validation results against 
clinical-grade instruments; and Section V discusses 
conclusions and future work.

2. State of the art 

The field of wearable healthcare technologies has evolved 
significantly in recent years, especially for cardiovascular 
monitoring. A wide range of systems—both wearable and 
non-wearable—have been developed to support early 
diagnosis and remote tracking of vital signs.

In cardiology, the combined acquisition of ECG and PPG 
signals has demonstrated high diagnostic value, particularly 
for conditions such as atrial fibrillation, bradycardia, and sleep 
apnea, which are prevalent in older adults. A recent systematic 
review by Babar et al. demonstrated that dual-signal systems 
improve both sensitivity and specificity in rhythm abnormality 
detection (Babar et al 2023). 

As described by Cosoli et al. (Cosoli et al 2021), the 
solutions present in the literature have, in fact, explored 
different configurations, including chest straps, ear probes and 
even rings (van Steijn et al 2025, Adams et al 2022) (Guo et 
al 2008). In this context, Zhang et al. propose a chest strap 
ECG monitoring system that integrates the automatic analysis 
of signal features (Zhang et al 2025). A similar design was 
proposed more recently by H. Shan et al. (Shan and Jin 2025), 
which combines a chest strap for ECG signal acquisition with 
a forehead strap for photoplethysmography signal acquisition.

In addition, Pantelopoulos et al. (Pantelopoulos and 
Bourbakis 2010) have reported that sensors for measuring 
physiological parameters have been integrated into smart 
fabrics in the form of wearable T-shirts or waistcoats. In a 
recent study, Angelucci et al. (Angelucci et al 2021) described 
and analyzed the textile technologies currently in use, 

providing an overview of the main garments available on the 
market.

However, many of these systems are still in prototype 
stages or entail significant trade-offs in comfort, usability, or 
signal quality.

For example, Hexoskin is a Canadian company specializing 
in the non-invasive acquisition of various physiological 
parameters. In particular, the system integrates textile 
electrodes into a sensorized t-shirt to collect single-lead ECG 
signals and uses chest bands to monitor thoracic respiration. 
The technology lacks PPG-signal acquisition sensors, so no 
oxygen saturation information is provided. Furthermore, 
comfort is not always guaranteed due to the need to wear the 
t-shirt for a long time, which can cause skin irritations(Montes 
et al 2018). Moreover, the device remains pending FDA 
approval. 

The Apple Watch wristband has already received FDA 
clearance and is CE marked. The device has demonstrated a 
strong correlation between the 1-lead ECG it acquires and the 
standard 12-lead ECG. However, since the PPG signal 
acquired on the wrist is more subject to motion artifacts, the 
derived oxygen saturation is less accurate than that taken from 
the finger (Zhang et al 2019). Although this device 
demonstrates high sensitivity and specificity in detecting atrial 
fibrillation episodes, it does not provide a more in-depth 
analysis of the entire electrocardiographic tracing (Shahid et 
al 2025).

AliveCore, by KardiaMobile (FDA and CE marked), is 
another mobile compact ECG solution, clinically validated on 
the market (Klier et al 2023). The technology enables 
acquisition of both a single-lead (in the standard version) and 
a 6-lead (in the KardiaMobile 6L version) ECG by simply 
touching the two electrodes with fingers for approximately 30-
60 seconds. However, the device is limited to heart rhythm 
classification and does not identify the main diagnostic 
intervals that provide a more detailed analysis of the user's 
health status. 

From this perspective, the literature proposes a series of 
devices that acquire vital signs non-invasively and explores 
different configurations. These include portable systems, such 
as pens and palm-sized devices, as well as wearable devices, 
such as chest straps and patches (Daniëls et al 2024, 
Himmelreich et al 2019, Zaprutko et al 2020).  

For example, (D’Abbondanza et al 2021), the authors 
propose a sensitized T-shirt for remote monitoring of 
cardiovascular health, integrating a single-lead ECG, a finger 
PPG sensor for SpO₂, a temperature sensor and a triaxial 
accelerometer. Despite the feasibility of this solution, the 
system has critical issues in terms of usability and comfort, 
especially for our target audience.
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Another configuration has been proposed by De Capua et 
al. in (De Capua et al 2010), where the authors propose a 
device for acquiring 3-lead electrocardiographic signals by 
applying electrodes to the chest. The implemented algorithm 
not only classifies the main cardiovascular pathologies but 
also automatically extracts diagnostic intervals, which are 
compared with each patient's physiological values to generate 
alarms in the event of a mismatch. However, the system has 
limitations, such as the absence of a PPG sensor, which 
restricts analysis to the ECG signal. Furthermore, the 
hardware architecture relies on external PDAs for signal 
processing. 

In (Alimbayeva et al 2024), the authors propose a wearable 
system based on chest electrodes integrated with a MEMS 
(Micro-Electro-Mechanical Systems) accelerometer for fall 
detection. The system combines automatic signal processing 
and transmission to an external unit. 

In (Fanucci et al 2013), the authors present a device for the 
acquisition of multiple vital signals. Specifically, the ECG-
SpO2 module uses a four-ended trunk cable for the ECG 
signal and a standard fingertip device to acquire 
photoplethysmography signals. This device also employs 
threshold-based signal processing to estimate the amplitude of 
the QRS complex and the RR interval. Although the device 
represents a valid integrated system for monitoring vital 
parameters, its significant dimensions make it difficult to be 
portable or wearable. 

Even configurations such as the auricular one have been 
explored for non-invasive monitoring of vital parameters, as 
reported in (Da He et al 2015). Using the acoustic pavilion 
reduces artifacts caused by finger or chest movements during 
measurement. The device allows the acquisition of three 
signals: electrocardiographic, photoplentisfmographic and 
ballistocardiograph. The main limitation of this system is the 
sensor's positioning. In fact, only R peaks can be extracted 
from the ECG signal because positioning away from the chest 
significantly reduces signal amplitude. 

Despite all these efforts, several key limitations persist:

• Many systems require multiple devices or a complex 
setup.

• PPG signals acquired at non-optimal sites (e.g., wrist 
or ear) suffer from poor signal-to-noise ratios.

• ECG interval analysis is often absent or limited to R-
R detection.

• Devices may lack clear visual/auditory feedback, 
which is critical for usability in older adults (World 
Health Organization (WHO) 2015). 

• User interfaces are often not designed with age-
related sensory or cognitive impairments in mind   
(Hood C 2023).

These gaps underscore the need for a new generation of 
devices that are:

• Integrated (ECG + PPG in one system),

• Non-invasive and cable-free,

• User-friendly, especially for older populations,

• Capable of extracting both basic and advanced 
physiological metrics.

In response to these challenges, this work introduces a 
portable monitoring device that simultaneously acquires ECG 
and PPG signals with a simple finger placement. The system 
is compact and optimized for ease of use, enabling short-term 
home monitoring without professional assistance. Unlike 
many existing devices, it provides a more comprehensive 
physiological analysis while maintaining comfort and ease of 
use. 

3. Materials and Methods 

3.1 System Architecture

The system developed in this work is a compact, wireless, 
and non-invasive device designed for short-term 
cardiovascular monitoring. It enables the simultaneous 
acquisition of electrocardiogram (ECG) and 
photoplethysmography (PPG) signals through direct finger 
contact, without requiring external cables, chest straps, or 
wearable garments.

The system core is based on an ESP32 microcontroller, 
which manages signal acquisition from two sensors: the 
MAX30003 for ECG and the MAX30102 for PPG. The 
collected signals are transmitted to an external computer via 
USB (during this prototype phase) for real-time visualization 
and data storage.

All components are enclosed in a custom-designed 3D-
printed case that ensures compactness, ergonomic finger 
positioning, and ease of use.

3.2 Sensors

3.2.1 ECG Sensor – MAX30003

The MAX30003 (Analog Devices) is a medical-grade 
analog front-end (AFE) dedicated to biopotential acquisition. 
It features ultra-low power consumption (~85 μA active, ~1 
μA standby), high common-mode rejection ratio (CMRR), 
programmable gain, and a high-resolution ADC—making it 
suitable for wearable applications (Maxim Integrated 2021), 
(Cinotti et al 2024, Jain et al 2022, Lucas Bonek; Stephen 

Page 4 of 17AUTHOR SUBMITTED MANUSCRIPT - BPEX-105458.R3

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60 A

cc
ep

te
d 

M
an

us
cr

ip
t



Journal XX (XXXX) XXXXXX Author et al 

5

Fenech; Nicholas Sapoznik; Anthony J. Hanson; Simin 
Masihi; Dinesh Maddipatla; Masoud Panahi; Massood Z. 
Atashbar 2020). 

3.2.2 ELECTRODES

Dry Ag/AgCl electrodes were selected to ensure comfort 
and ease of use. After testing various materials, Ag/AgCl 
proved superior at rejecting artifacts. The chosen electrodes 
(EB Neuro) have a 10 mm concave design to ensure firm skin 
contact during acquisition, reducing motion artifacts.

3.2.3 PPG Sensor – MAX30102

The MAX30102 by Analog Devices is a medical-grade 
module for non-invasive measurement of hemoglobin 
saturation and heart rate. The core of the system consists of 
two high-performance light-emitting diodes (LEDs), each 
emitting light at a wavelength optimized for physiological 
measurements: one at 660 nm (red) and the other at 880 nm 
(infrared). These LEDs are integrated with a photodiode that 
receives reflected light from the tissue and a digital signal 
processor with noise-filtering capabilities. Variations in the 
intensity of the received light, caused by changes in blood 
volume during the cardiac cycle, are used to generate the 
photoplethysmography (PPG) signal, which a digital signal 
processor with noise-filtering capabilities then processes. It 
also includes a proximity function to conserve power and 
reduce visible-light emission when the user's finger is not on 
the sensor. The module can be switched off by software. In 
standby mode, power consumption is almost zero (0.7 µA) 
(Maxim Integrated n.d.).

3.3 Microcontroller Unit (MCU)

Both devices were controlled by a custom-programmed 
ESP32 microcontroller from Espressif Systems, designed for 
versatility and power. It is widely used in electronics and the 
Internet of Things (IoT) and is characterized by high 
performance, low power consumption, and advanced features. 
A particular strength of the ESP32 is its integrated 
connectivity, which includes both Wi-Fi and Bluetooth, 
making it particularly suitable for applications requiring 
wireless communication, such as smart home devices, 
wearables and remote monitoring systems (Espress If 2021). 

3.4 Case Design

The device casing was designed in SolidWorks® and 
fabricated via 3D printing (Bambu Lab X1-Carbon®, PLA). 
The final design (Fig. 1) is compact (120 × 70 × 43 mm), 
ensuring portability and ease of use.

The case consists of two interlocking parts (base and lid). 
The lid includes a rectangular window (51 × 23 mm) for an 
LCD that displays heart rate and SpO₂ in real time. The base 

features custom recesses for finger positioning, ensuring 
stable contact with the ECG electrodes and the PPG sensor.

3.5 Clinical Validation Protocol

Initially, 40 participants were recruited for the study: 22 
women and 18 men (age: 62 ± 11.62 years). Seven subjects 
were excluded from the final analysis due to insufficient signal 
quality, primarily caused by unstable finger contact, motion 
artifacts, or incomplete reference measurements. As a result, 
the comparative study was performed on the remaining 33 
participants: 19 women and 14 men (age: 64 ± 10.48 years). 
Excluded subjects were not included in any statistical 
comparison.

Participants were selected based on the absence of known 
cardiovascular disease and their membership in the target age 
group. No additional inclusion criteria were applied, as the 
cohort was intended to be representative of the target 
population. The study was conducted in accordance with 
ethical standards for human-subject research and IRB 
regulations; informed consent was obtained from all 
participants. The measurements took place in a real clinical 
context at the II Medical Clinic of the Policlinico Umberto I.

To evaluate the validity of our device, we compared the 
acquired PPG and ECG signals with those obtained using 
certified clinical instrumentation, which served as the 
reference. 

For the ECG signal, we used a certified 12-lead 
electrocardiograph, CARDIOLINE 100-L, and for the SpO₂ 
value, we used a certified Yimi Life finger pulse oximeter. 

Fig. 1 CAD model of the case made in SolidWorks. On the top, a cross-
section view highlights the housing dedicated to the sensors. On the 
bottom, the CAD model of the lid.
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The experiments consist of parallel acquisitions between 
our prototype and the reference instruments for each subject. 

In the standard electrocardiogram, the electrical activity of 
the heart is recorded by placing 10 electrodes: 6 on the chest 
and 4 on the limbs. In this way, the 12 standard leads of the 
electrocardiogram are obtained according to the conventional 
Einthoven system. The acquisition generally occurs in 
automatic mode, lasts about 10 seconds, and the result is 
provided as a static trace, printed or exported as a PDF. The 
device does not provide raw data; therefore, as explained in 
the following paragraphs, it was not possible to perform a 
cycle-by-cycle or beat-by-beat alignment, but only to estimate 
average values. 

The device proposed in this work enables recording of the 
ECG signal via direct finger contact with the integrated 
electrodes for conds. In particular, the left thumb and index 
finger covered the left-side electrodes on the device, while the 
right thumb was positioned on the device's third and final 
electrode. This configuration corresponds to lead I (DI), in 
which the RA (right arm) and LA (left arm) electrodes are 
positioned on the right and left thumbs, respectively, while the 
left index finger serves as the reference, taking the role of the 
LL (left leg) electrode. Finally, the PPG sensor is placed under 
the index finger of the right hand. Fig. 2 shows a schematic of 
both configurations: the standard configuration and the 
configuration proposed in this work. 

Before taking the measurement, the correct finger 
positioning on the sensors was verified, ensuring the 

conductive surface was fully covered, and contact was 
maintained. 

The participants were also informed that it was necessary 
to remain as still as possible throughout the test, avoid hand 
movements, and remain silent.

Fig. 3 shows the correct finger positioning to be maintained 
during acquisition. 

3.6 Signal Acquisition and Processing

Raw signals from both ECG and PPG sensors were 
acquired in MATLAB (R2020 b) at sampling rates of 250 Hz 
for ECG and 50 Hz for PPG. Data were saved in CSV format 
and processed in Python (v3.9), using the open-source library 
NeuroKit2(Le H. Nguyen 2021, Plagwitz et al 2024).

3.6.1 ECG Signal Processing

Following the acquisition, ECG traces underwent several 
post-processing steps to improve signal quality and extract 
physiological parameters.

(a) Preprocessing
An initial visual inspection was performed to exclude 

recordings that were excessively noisy. The first and last 
segments of each signal were trimmed to remove transient 
artifacts, and the tracings were normalized in amplitude. For 
this reason, ECG amplitudes are reported in arbitrary units 
(a.u.). Two filters were then applied: 

• A 50 Hz notch filter to remove power line 
interference.

• A 3rd-order Butterworth band-pass filter (0.3–
30 Hz) to isolate the physiological frequency 
band.

(b) Feature Extraction and Delineation
R-peaks were detected using NeuroKit2’s internal 
ecg_peaks() function. The ECG signal was then delineated 
using ecg_delineate() with the Discrete Wavelet Transform 
(DWT) method, enabling identification of key fiducial points 
for each cardiac cycle: P waves (Ponsets), the beginning and the 

Fig. 2. Comparison of signal acquisition rentals: in yellow, the 
acquisition points of the CARDIOLINE 100-L (12 Lead); in red, the 
points where the ECG signal is acquired with our prototype (Single 
lead); in green, the point where the PPG signal is acquired.

Fig.3 Correct positioning of the thumbs on the acquisition electrodes. 
This configuration ensures direct and stable contact between the skin and 
the sensors.
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end of the QRS complex (QRSonsets and QRSoffsets) and the end 
of the T wave (Toffsets).

From these, the following intervals were computed:

𝑃𝑅𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] = 𝑡𝑄𝑅𝑆𝑜𝑛𝑠𝑒𝑡 ―  𝑡𝑃𝑜𝑛𝑠𝑒𝑡 ∗
1000

𝑓𝑠

𝑄𝑅𝑆𝐷𝑈𝑅𝐴𝑇𝐼𝑂𝑁𝑆 [𝑚𝑠] = 𝑡𝑄𝑅𝑆𝑜𝑓𝑓𝑠𝑒𝑡 ―  𝑡𝑄𝑅𝑆𝑜𝑛𝑠𝑒𝑡  ∗
1000

𝑓𝑠

𝑄𝑇𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] = 𝑡𝑇𝑜𝑛𝑠𝑒𝑡 ―  𝑡𝑄𝑅𝑆𝑜𝑛𝑠𝑒𝑡 ∗
1000

𝑓𝑠

𝑅𝑅𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] = (𝑡𝑅+1 ―  𝑡𝑅) ∗
1000

𝑓𝑠

The heart rate (HR) in beats per minute (bpm) was then 
calculated as:

𝐻𝑅 [𝑏𝑝𝑚] =  
60.000

𝑅𝑅 [𝑚𝑠]

(c) Post-filtering of Parameters

To exclude physiologically implausible values, extracted 
parameters outside the following ranges were discarded:

𝑃𝑅𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] < 0 ; 𝑃𝑅𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] > 300

𝑄𝑅𝑆𝐷𝑈𝑅𝐴𝑇𝐼𝑂𝑁𝑆 [𝑚𝑠] < 0; 𝑄𝑅𝑆𝐷𝑈𝑅𝐴𝑇𝐼𝑂𝑁𝑆 [𝑚𝑠] > 150

𝑄𝑇𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] < 0; 𝑄𝑇𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] > 600;

𝑅𝑅𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] < 300; 𝑅𝑅𝐼𝑁𝑇𝐸𝑅𝑉𝐴𝐿𝑆 [𝑚𝑠] > 2000

Mean values were computed across valid cardiac cycles and 
compared to reference values obtained from the 12-lead 

3.6.2 PPG Signal Processing

In the preliminary phase of the PPG signal study, a 
qualitative analysis of signals acquired from both channels 
was conducted to inform subsequent processing.

The IR channel was selected for signal analysis because it 
yielded higher signal quality and a cleaner trace than the RED 
channel. For this reason, filtering and segmentation were 
applied to the IR signal.

(a) Preprocessing and Channel Selection

PPG signals were acquired from both the RED and IR 
channels; however, the IR channel was selected for further 
processing due to superior signal quality.

The signal was cleaned using the ppg_clean() function in 
NeuroKit2, which applies a 3rd-order Butterworth band-
pass filter (0.5–8 Hz) to isolate the pulsatile component 
while suppressing noise.

(b) Cycle Segmentation

Systolic peaks were detected using ppg_findpeaks(), and 
each cardiac cycle was defined as the interval between two 
consecutive peaks.

(c) SpO₂ Estimation

For each cycle, the AC and DC components of both RED 
and IR signals were calculated: 

𝐴𝐶𝜆 =  𝑚𝑎𝑥(𝑠𝑖𝑔𝑛𝑎𝑙𝜆) ― 𝑚𝑖𝑛(𝑠𝑖𝑔𝑛𝑎𝑙𝜆)

𝐷𝐶𝜆 =  𝑚𝑖𝑛(𝑠𝑖𝑔𝑛𝑎𝑙𝜆)

Then, the AC/DC ratio was calculated separately for both 
the RED and IR:

𝐴𝐶
𝐷𝐶𝜆

=
𝑚𝑎𝑥(𝑠𝑖𝑔𝑛𝑎𝑙𝜆) ― 𝑚𝑖𝑛(𝑠𝑖𝑔𝑛𝑎𝑙𝜆)

𝑚𝑖𝑛(𝑠𝑖𝑔𝑛𝑎𝑙𝜆)

The R-ratio was then derived as:

𝑅 = 𝑚𝑒𝑎𝑛
(𝐴 𝐶 𝐷 𝐶)𝑅𝐸𝐷

(𝐴 𝐶 𝐷 𝐶)𝐼𝑅

This parameter is proportional to the ratio of red to infrared 
light absorption and serves as the basis for estimating oxygen 
saturation.

Using a linear empirical formula from literature, oxygen 
saturation (SpO₂) was estimated as:

SpO2 = 𝐴 ― (𝐵 ∗ 𝑅)

where A and B are calibration constants derived from 
studies present in the literature (D’Alvia et al 2024).

(d) Second Derivative and SDPTG Analysis

The first and second derivatives of the filtered PPG signal 
were computed. The second derivative of the PPG (SDPTG) 
was used to extract vascular aging indices.Each subject’s 
SDPTG signal was averaged across cycles. Five key nodal 
points were identified: Local maxima: a, c, e, and Local 
minima: b, d.

From these, the following indices were computed: four 
SDPTG indexes: b/a, c/a, d/a and e/a, and SDPTG-AI index 
(Aging Index), defined as (b-c-d-e)/a,

These indices have been shown to correlate with age and 
vascular stiffness (Lee et al 2011, Takazawa et al 1998). 

3.7 Accuracy Evaluation

We evaluated the accuracy of the physiological parameters 
acquired by our device using two metrics: Mean Absolute 
Percentage Error (MAPE) and the Bland–Altman plot. 
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Both metrics were calculated for each extracted signal 
value: PR intervals, QRS durations, QT intervals, RR 
intervals, heart rate HR, and SpO₂.

The analysis was designed to assess the agreement between 
physiological parameters estimated by the prototype and those 
obtained from clinically validated reference instruments.

3.7.1 MAPE

The MAPE is a metric used to assess the accuracy of 
forecasting methods by expressing forecast errors as a 
percentage of the actual value.

For each parameter, we computed as follows:

𝑀𝐴𝑃𝐸 =
1
𝑁

𝑁

𝑖=1
|𝑋𝑏,𝑖 ― 𝑋𝑝,𝑖

𝑋𝑏,𝑖 | × 100

where 𝑋𝑏,𝑖 represents the value measured by the standard 
electrocardiograph, 𝑋𝑝,𝑖 the value measured by our portable 
device, and N is the total number of measurements.

3.7.2 BLAND-ALTMAN ANALYSIS

The Bland-Altman analysis enables estimation of 
agreement between two measurement methods, in this case 
between values obtained from our prototype and those 
obtained with the clinical reference instruments. 

In general, the analysis plots the difference between the two 
measurements against their average, helping to assess 
agreement and identify any systematic bias or random error.

For each parameter, we computed as follows: 

𝑋𝑑𝑖𝑓𝑓 = 𝑋𝑝,𝑖 ― 𝑋𝑏,𝑖

𝑋𝑚𝑒𝑎𝑛 =
𝑋𝑝,𝑖+𝑋𝑏,𝑖

2

Where 𝑋𝑏,𝑖 represents the value measured by the standard 
electrocardiograph, 𝑋𝑝,𝑖 the value measured by our portable 
device, and N is the total number of measurements. 

We performed a Bland-Altman analysis with a 95% 
confidence interval.

4. Results

4.1 Case Study: Single-Subject Analysis

To illustrate the signal acquisition and processing pipeline, 
we first present results from a single participant.

4.1.1 ECG results

The raw ECG signal acquired with the prototype (Fig. 4a) 
shows clearly identifiable R peaks but was affected by 
baseline drift and noise. After applying a 50 Hz notch filter 
and a band-pass filter (0.3–30 Hz), signal quality improved 
with a more stable baseline and reduced artifacts. Figure 4b, 
report ECG trace extracted from the Cardioline 100L printend 
report.

Using NeuroKit2, an average cardiac cycle was computed 
by aligning each beat to the R peak (Fig. 5). This visualization 
showed a consistent beat-to-beat morphology. Automatic 

(a)

(b)
Fig. 4 Comparison between the raw acquired ECG signal in light red 
and the filtered one in balck (a), relating to the same time interval [7–
10 s]. (b) ECG trace extracted from the Cardioline 100L printend 
report.

c)

Fig. 5 Average cardiac cycle obtained using the automatic 
Neurokit2 function (Bencivenga et al 2025)

Page 8 of 17AUTHOR SUBMITTED MANUSCRIPT - BPEX-105458.R3

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60 A

cc
ep

te
d 

M
an

us
cr

ip
t



Journal XX (XXXX) XXXXXX Author et al 

9

delineation (Fig. 6) identified the PR, QRS, QT, and RR 
intervals.

Table 1 compares the parameters estimated by the proposed 
algorithm with their corresponding reference values (REF), 
along with the absolute error for each parameter.

4.1.2 PPG Signal
The raw infrared-channel PPG signal (Fig. 7 in light red) 

was filtered and normalized to remove motion artifacts (Fig. 7 
in black) enabling SpO₂ estimation. For this subject, the 
measured SpO2 was 95%, compared to 97% measured by the 
reference pulse oximeter. 

The second derivative of the signal was used to identify the 
nodal points a–e (Fig. 8), allowing computation of SDPTG 
indices. The SDPTG values for this subject are presented in 
Table 2.

4.2 Aggregate Results – Full Cohort (n = 33)

Following the case study, we extended our analysis to the 
full cohort of 33 subjects. 

4.2.1 ECG-Derived Parameters
ECG signals were successfully acquired in all included 

participants. Automatic extraction of cardiac intervals (PR, 
QRS, QT, RR) and heart rate was completed for each subject. 

Table 3 summarizes the number extracted, discarded and 
included values, for each ECG-derived parameter.

Comparison with the 12-lead clinical ECG system revealed 
different error magnitudes across parameters. The QRS 
duration, RR interval, and heart rate exhibit mean absolute 
percentage errors (MAPE), of 11.7%, 14.2%, and 18.2%, 
respectively. In contrast, the PR and QT intervals exhibited 
higher MAPE values (24.8% and 19.7%, respectively).

Bland–Altman analysis was performed to assess the 
agreement between the prototype and the reference system for 
each parameter (Figs 9 a-e). The PR interval showed the 
largest dispersion in the Bland–Altman analysis (Fig. 9a), 

Fig. 6. Segmentation of the filtered ECG signal with the main 
physiological intervals highlighted: the QRS complex in pink, the PR 
interval in green and the QT interval in blue. A temporal zoom is 
shown [7-10s]

Fig.7 Comparison between the raw acquired PPG signal (light red) 
and the filtered one (black), relating to the same time interval [7–10 
s].

Table 1. Estimated values of PR, QRS, QT, RR intervals and 
heart rate (HR) obtained by the prototype, compared to reference 
values. The absolute error for each parameter is also reported.

Parameter Prototype Reference Absolute Error

PR (ms) 96.6 136.0 39.4

QRS (ms) 90.3 94.0 3.7

QT (ms) 352.0 380.0 28.0

RR (ms) 732.6 977.0 244.4

HR (bpm) 81.9 61.0 20.9
Fig.8 Cycle-averaged second derivative PPG with the relative nodal 
points A, B, C, D and E highlighted
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while QRS duration and RR interval had narrower limits of 
agreement and minimal bias (Fig. 9c and 9d). 

Both PR and QT intervals were underestimated by the 
prototype (Fig. 9a and 9b). Scatter plots and correlation 
coefficients (R2) for all parameters are shown in (Figs 9 f-j), 
with values of 0.962 for PR, 0.982 for QRS, RR and HR, and 
0.994 for QT intervals.

4.2.2 Photoplethysmographic Signal and Oxygen 
Saturation

The photoplethysmographic (PPG) signal acquired via the 
IR channel of the MAX30102 was filtered to remove artifacts 
and was suitable for SpO₂ estimation in all subjects.

The oxygen saturation (SpO₂) values estimated from the 
PPG data were compared with those obtained from a 
commercial finger pulse oximeter. revealed a MAPE of 2%. 

Bland–Altman analysis showed a mean bias of 1% with 
limits of agreement of ±1.96 SD. A small systematic bias was 
observed, as SpO₂ values from the prototype device were 
generally lower than the reference values Fig. 10a, , indicating 

a slight underestimation. A scatter plot of SpO₂ values is 
shown in Fig. 10b.

4.2.3 SDPTG Indexes and Age-Related Trends
For each subject, we extracted the five characteristic points 

(a, b, c, d, and e) from the second derivative of the PPG 
waveform (SDPTG) and computed the corresponding indices: 
(b/a, c/a, d/a, e/a), and the aging index (AI). 

To investigate age-related differences, the sample was 
divided into two groups: subjects under 65 and those aged 65 
or older. In the older group, the b/a and d/a ratios were higher, 
whereas the c/a and e/a ratios and the overall systolic wave 
amplitude were lower (Fig. 11 a-d). The SDPTG-AI index 
showed higher values in the older group (Fig. 11e). Table 4 
summarizes the SDPTG indices for subjects aged under and 
over 65.

4.2.4 Sex-Related Differences
Sex-related differences in SDPTG indices were also 

evaluated. Women showed higher b/a, c/a, and e/a ratios, 
whereas men exhibited higher d/a ratios. These differences 
were not statistically tested in this preliminary analysis and are 
reported in Fig. 12

5 Discussion

The present study evaluated a portable, fingertip-based 
system for the acquisition of ECG and PPG signals using a 
short, non-invasive measurement protocol. Despite the limited 
acquisition time (30 s), the system enabled extraction of 
multiple physiological parameters, allowing an assessment of 
its performance relative to clinically validated reference 
instruments. Taken together, these findings indicate the 
potential feasibility of a home-based cardiovascular 
monitoring configuration, particularly in contexts where ease 
of use is a primary requirement.

A key outcome of the study is the reliable detection of R 
peaks across recordings, which enabled stable estimation of 
rhythm-derived parameters such as RR intervals and heart 
rate. QRS complex duration also showed good agreement with 
the clinical reference, suggesting preservation of the main 
ECG deflections under the fingertip acquisition configuration.

In contrast, PR and QT interval estimation was more 
challenging. These parameters depend on accurate estimation 
of P- and T-wave onset and offset, which are characterized by 
lower amplitude and increased sensitivity to noise and contact 
variability. The absence of adhesive electrodes and 
standardized limb placement further limits morphological 
fidelity in a fingertip-based, single-lead configuration.

Moreover, comparison with a standard 12-lead 
electrocardiograph is inherently influenced by differences in 

Table 2. Values of the SDPTG indices (b/a, c/a, d/a, e/a) and the 
SDPTG Aging Index (AI) calculated from the second derivative of 
the signal

SDPTG Index Value

b/a –0.351

c/a 0.265

d/a –0.057

e/a 0.034

SDPTG-AI –0.593

Table 3  Number of values extracted, discarded (with percentage) 
and included in the final analysis for each ECG-derived 
parameter

Parameter Extracted 
Values

Discarded 
Values (%)

Included
Values

PR 627 42 (6.7%) 585

QRS 627 66 (10.5%) 561

QT 627 8 (1.3%) 619

RR 633 7 (1.1%) 626
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lead vector orientation and electrode placement, which affect, 
as stated, waveform morphology and interval measurements 
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and contribute to systematic deviations between the two 
modalities.

These findings highlight a fundamental trade-off in device 
design: achieving ease of use and portability may come at the 
expense of signal fidelity, particularly for low-amplitude ECG 
components that are difficult to isolate. This balance should 
be interpreted in relation to the intended use of the device.

Fig 9.  Results of Bland Altman analysis for PR, QT, QRS, RR intervals and HR (a,b, c, d, e), with highlightd the acceptace regions amd the 
bias. scatter plot for each parameters and correelaton factor R2 is presentes in (f, g, h, i and j) 
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Despite these limitations, the performance observed for 
several parameters falls within, or is comparable to, values 
reported in the literature for other wearable or single-lead 
systems.

For instance, QT interval estimation in this study yielded a 
mean absolute percentage error (MAPE) of 19.7%, which is 
higher than the 12.1% reported by Panni et al. for a chest-
strap-based device  (Panni et al 2025). Conversely, the MAPE 
observed for QRS duration (11.7%) is lower than that reported 
in the same study, suggesting that the main high-amplitude 
ECG deflections are well preserved in the fingertip 
configuration.

The higher error observed for PR interval estimation 
(MAPE = 24.8%) reflects the known difficulty of reliably 
detecting the P wave in single-lead, fingertip-based 
configurations without stable adhesive or chest-mounted 
electrodes. This limitation is likely attributable to reduced 
fidelity in identifying the onset and offset of low-amplitude 
waveform components and is consistent with prior findings in 
single-lead wearable research. While chest-strap systems may 
offer more robust morphological acquisition, they are 
inherently less convenient and may present usability barriers 
for older adults, emphasizing the importance of considering 
intended use when evaluating device performance.

Regarding the overestimation of heart rate values, two main 
factors should be considered: algorithmic factors, including 
beat detection accuracy, signal noise, and filtering and 
averaging effects; device hardware characteristics. In this 
regard, the proposed single-lead prototype is based on low-
cost components (approximately 60 €) and operates at a 
sampling frequency of 250 Hz, compared with the 12-lead 
Cardioline 100-L, which acquires data at 500 Hz per channel 
and represents a higher-end clinical system (approximately 
2000 €). 

Despite the presence of a systematic positive bias in heart 
rate estimation, the scatter plot analysis revealed a strong 
linear correlation with the reference measurements (R² = 
0.98). This indicates that the prototype is able to reliably track 

inter-subject and inter-measurement variability, while 
producing heart rate estimates that are consistently shifted 
toward higher values. The low rejection rate observed for RR 

intervals (1.1%, Table 3) suggests that the observed bias is not 
attributable to extensive beat exclusion or poor signal quality. 
Instead, it is plausibly due to small systematic deviations in 
RR interval estimation across accepted beats, which translate 
into an overestimation of heart rate.

These small deviations may be partly explained by reduced 
temporal precision in R-peak detection, which propagates to 
RR interval estimation and, consequently, to heart rate 
calculation.

MAPE values for QRS, RR, and HR (11.7%, 14.2%, and 
18.3%, respectively) and their corresponding standard errors 
(approximately 1.7%, 1.7%, and 2.7%, respectively) fall 
within or are comparable to the ranges reported for other 
fingertip-based or wearable single-lead devices (Dooley et al 
2017, Panni et al 2025, Rehman et al 2024). 

Prior studies have documented similar performance: the 
HeartKey Test Watch reported mean HR errors <1 bpm with 
a beat rejection rate of ~8.5% (Funston et al 2022), 
smartphone-based fingertip PPG showed RMSE ~1.4% 
compared to ECG (Yan et al 2017), and finger PPG sensors 
demonstrated test–retest reliability for RR intervals against 
ECG (Rogers et al 2025).

Despite the observed limitations in morphological ECG 
feature extraction, the system demonstrated reliable 
estimation of rhythm-related parameters, particularly heart 
rate and RR variability. These parameters are often sufficient 
for remote monitoring, preliminary screening, and home-
based cardiovascular assessment applications.

PPG-derived parameters demonstrated more consistent 
behaviour, particularly oxygen saturation (SpO₂), which 
showed a lower MAPE (2%) and narrower Bland–Altman 

Table 4. SDPTG index values in subjects aged <65 years and ≥65 
years. The arrows indicate the index trend in the older group 
compared to the younger group.

Index <65 ≥65 Trend

b/a –0.290 –0.262 ↑

c/a 0.234 0.216 ↓

d/a –0.210 –0.140 ↑

e/a 0.157 0.110 ↓

SDPTG-AI –0.473 –0.461 ↑

Fig.12 Comparison of SDPTG index values (b/a, c/a, d/a, e/a) 
in female (purple) and male (orange) subjects.

b/a c/a d/a e/a (b-c-d-e)/a

-0.5

0.0

0.5 Female
Male
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limits than the reference instrument. According to the ISO 
standard (ISO - International Organization for Standardization 
2017). this level of accuracy (<5%) can be considered 
generally reliable and clinically acceptable. 

However, the scatter plot (fig 10b) reveals an important 
nuance: the measured SpO₂ values show essentially no 
correlation with the reference measurements (R² < 0.5). This 
indicates that, while the device provides values within an 
acceptable accuracy range, it does not reliably track the 
variability of the reference system in this dataset. In other 
words, the device may provide clinically acceptable SpO₂ 
readings on average, but its ability to follow moment-to-
moment changes is limited.

Beyond traditional parameters, we explored the second 
derivative of the PPG waveform (SDPTG), providing 
additional insights into vascular health and aging. For each 
subject, five characteristic points (a, b, c, d, e) were extracted, 
and the corresponding SDPTG indices (b/a, c/a, d/a, e/a, and 
the aging index, AI) were computed. Subjects were divided 
into two groups: under 65 and 65 or older. In the older group, 
b/a and d/a ratios moderately increased, consistent with age-
related arterial stiffness, while c/a and e/a ratios decreased, 
along with the overall amplitude of the systolic wave. The 
SDPTG-AI index also showed a slight increase, further 
supporting the hypothesis of vascular aging.

A preliminary analysis of sex-related differences revealed 
slightly higher b/a, c/a, and e/a ratios in women, whereas men 
showed higher d/a values. Although these differences were 
modest and not statistically tested, they align with previously 
reported gender-related variations in vascular compliance and 
warrant further investigation in larger datasets. These trends 
are in line with findings from previous literature and validate 
the potential use of the device not only for basic vital sign 
monitoring but also for non-invasive vascular assessment. 

Overall, age-dependent changes in SDPTG indices—such 
as increases in b/a and d/a and decreases in c/a and e/a—are 
consistent with established markers of vascular aging (Choi 
and Park 2023).While preliminary variability across subjects 
was observed for some indices, confirming sex- or age-related 
patterns requires larger, stratified cohorts. While some 
intersubject variability was observed, the capture of 
physiologically plausible trends highlights the device’s 
sensitivity to individual differences and its potential for 
personalized vascular monitoring.

6 Conclusion

This study proposes an accessible, finger-based monitoring 
solution for healthy aging, developed through collaboration 
between clinicians and engineers. The device reliably acquires 
ECG and PPG signals and extracts clinically significant 

parameters from a 30-second recording, with satisfactory 
overall accuracy given its simplicity and portability.

Several limitations were identified. Low-amplitude ECG 
components, particularly the P wave, are difficult to detect, 
affecting PR interval estimation. The system is sensitive to 
finger movements, which may reduce signal quality and 
measurement repeatability, especially in older adults with 
tremor. The single-lead ECG configuration (lead I) also limits 
diagnostic capability compared with standard multi-lead 
clinical systems. Time-based features capture most 
diagnostically relevant information, but amplitude-related 
parameters are not reliably accessible in the current fingertip 
setup. RR-derived heart rate estimates are influenced by 
hardware specifications, suggesting that more robust HR 
estimators could further improve accuracy.

Despite these limitations, the device performs well in 
estimating blood oxygen saturation (SpO₂) and second-
derivative photoplethysmography (SDPTG) analysis. Its non-
invasive and portable design represents a clear advantage in 
terms of usability, particularly for older users, and helps 
overcome the main barriers to adoption identified in previous 
studies (Peek et al 2014). Preliminary durability tests indicated 
stable performance across multiple sessions; although long-
term effects of perspiration and environmental conditions will 
need systematic evaluation.

Future work will focus on several key areas to enhance the 
device’s functionality, usability, and clinical applicability. 
First, wireless communication will be integrated to enable 
real-time data transfer for home monitoring and telemedicine, 
allowing clinicians and caregivers to remotely track ECG and 
PPG signals. Second, a user-friendly graphical interface (GUI) 
will be developed to display physiological parameters, 
provide alerts for abnormal values, and visualize trends over 
time, improving accessibility for older adults and patients with 
chronic conditions. Third, signal quality and accuracy will be 
enhanced by implementing machine learning algorithms for 
more robust P-wave and T-wave detection, as well as adaptive 
filters to reduce motion artifacts, particularly in single-lead 
fingertip ECG recordings. Fourth, the device will be further 
validated in clinical populations with cardiovascular disease 
to assess its utility for both screening and diagnostic purposes. 
Finally, advanced analysis and personalization approaches 
will be explored, including predictive modelling of vascular 
and heart rate trends, adaptive parameter estimation based on 
individual physiology, and integration of SDPTG indices for 
risk assessment, ultimately supporting more tailored, 
preventive cardiovascular care.
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