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Abstract: Advancements in the fields of Ayurveda and Siddha worldwide have led to an increasing need for objective, noninvasive,
technology-based diagnostic methods. Therefore, traditional pulse diagnosis has become a pivotal field in computational research to
enhance diagnostic consistency. With the emergence of new biomedical sensing techniques and computational intelligence, automatic
pulse diagnosis systems have been developed for pulse signal acquisition and analysis. This review paper introduces the technologies
of pulse acquisition, signal preprocessing, feature extraction, machine learning, and deep learning-based methods to diagnose the dis-
ease by pulse in an automated system and also analyzed paradigms using sensors such as strain-gauge sensors, piezoelectric sensors,
microelectromechanical systems, multichannel pulse sensors, photoplethysmography, piezoelectric wafer active sensors, Internet of
Things-enabled devices, and artificial intelligence (AI)-assisted platforms. The preprocessing techniques, such as Butterworth, Cheby-
shev, Bessel, and Savitsky–Golay filters for enhancement of pulse waveform quality and feature reliability and assessment of the pulse
parameters related to arterial stiffness and vascular function, along with K-Nearest Neighbors, support vector machines, Decision
Trees, Random Forests, and artificial neural networks, were utilized for dosha classification and disease prediction. The review results
show remarkable advances in sensing technology, signal analysis, and intelligent diagnostics algorithms. But there are hurdles, such
as nonuniform datasets, explainability gaps, and clinical validation. For future studies, explainable AI, integration with wearables,
standardized datasets, and widespread clinical testing are areas of interest to improve health assessment and early disease screening.
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1. Introduction

Analyzation of pulse is requisite in traditional medicine to
find three doshas—(i) Vata, (ii) Pitta, and (iii) Kapha—to deter-
mine the equilibrium in order to diagnose various illnesses such
as nervous, musculoskeletal, circulatory, digestive, inflammatory,
metabolic, cardiological, respiratory, and psychological disorders.
Generally, the Vata dosha directs the nerves, circulation, muscles,
movements, and joints, and Pitta dosha directs the hormones,
inflammation, digestion, heat, and metabolism, and Kapha dosha
directs fluid balance, immunity, and structure. This three doshas
of pulses are combined to identify the imbalances: (a) Vata–Pitta,
which causes migraine, hyperacidity, ulcerative colitis, and ner-
vous inflammation, (b) Pitta–Kapha, which causes inflammation,
obesity, sinusitis, and diabetes; (c) Vata–Kapha, which causes res-
piratory obstruction, hypothyroidism with anxiety, and asthma;
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and (d) Vata–Pitta–Kapha, which causes autoimmune condi-
tions, systemic illnesses, and chronic disorders, as illustrated in
Figure 1 [1–3].

The evolution of pulse diagnosis starts by acquiring
pulse waves utilizing piezoelectric, microelectromechanical sys-
tem (MEMS), multichannel, photoplethysmography (PPG), and
piezoelectric wafer active (PWA) sensors. After that, the acquired
pulses are recorded; cleansed utilizing Bessel, Butterworth, Cheby-
shev, artifact reduction, and noise removal filters; processed to
extract information such as amplitude, pulse depth, rhythm, peak
positions, energy distribution, pulse types, and digital features
mapping of imbalances; and classified to predict diseases utilizing
many automated and semiautomated approaches.

Numerous machine learning (ML) and deep learning (DL)
paradigms aided in the accurate prediction and classification of
the pulse diagnosis system, for example. K-Nearest Neighbor
(KNN) is a simple and powerful supervised learning technique,
which works with the intuition of comparing an unknown sam-
ple with the closest samples from the training set and classifying
the sample into the class. The classification is done based on the
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Figure 1
Vata, Pitta, and Kapha sites on the radial artery

maximum voting of the closest neighbors, which makes KNN
best suited for pulse data having well-defined patterns. Another
popular supervised learning algorithm is support vector machine
(SVM), which forms an optimum decision boundary, called a
hyperplane, to separate the various classes of pulse signals. SVM
is able to classify even high-dimensional and complex datasets
well, as it maximizes the separation between the classes. Because
of its kernel functions, SVM can represent the nonlinear rela-
tionship between the biomedical signals and current diagnosis,
and thus, SVM is widely used in biomedical signal analysis and
disease diagnosis. DL is a specialized form of ML that involves
several layers of artificial neural networks (ANNs) to learn com-
plex representations of features directly from raw or only slightly
processed data. DL models can identify complex relationships and
patterns in pulse data that are not apparent in traditional ML
approaches, which rely on manually designed features, potentially
enhancing diagnostic accuracy. The capabilities of convolutional
neural networks (CNNs), recurrent neural networks, and other
deep neural networks in processing physiological signals and
identifying diseases have been proven to be very promising.

Apart from KNN, SVM, and DL models, various other ML
methods such as Random Forest (RF) and ANNs are also used
in the study of pulse diagnosis. Models such as RF can increase
the rate of classification and even minimize the overfitting prob-
lem, and models based on neural networks can detect complex
nonlinear relationships between the characteristics of the pulses.
Together, these smart algorithms enable automatic processing of
pulse signals and aid in accurate disease prediction, which helps
to establish new computer-aided diagnostic systems [4–6].

In spite of these enhancements, challenges remain, includ-
ing the standard acquisition paradigm, largely labeled datasets,
and clinically substantiated models that can correlate the tradi-
tional subjective and computational feature interpretations for
diagnosis. This review paper aims to address these research gaps
by scrutinizing the automated pulse analysis progression and its
proposed methodologies [7, 8].

2. Research Synthesis

This research review has been divided into five areas:
(i) sensor-based paradigms, (ii) methodical signal recording,
(iii) biomedical platforms integration, (iv) commencement of

artificial intelligence (AI), and (v) comprehensive digital platforms.
Even though the progression of the above areas shows enhance-
ment, this field still lacks benchmark datasets, robust validation,
and paradigms that need to be consistently improved in an auto-
mated way. Table 1 describes the evolution of different sensors,
signal processing, and AI techniques from early to recent years.

In the early years, pulse analysis was done purely in a the-
oretical way with the help of medical practitioners. O’Rourke
and Gallagher [9] reviewed arterial stiffness by utilizing contour
analysis on the data given by medical practitioners. It estab-
lished the foundation and parameters for analyzation. Following
that, Duprez et al. [10] reviewed the physiological conditions
affecting radial waveform indices in the data provided by med-
ical practitioners. It identified various key features influencing
the pulse morphology. However, the theoretical review and the
lack of sensor-based work have become the limitations that moti-
vated researchers to introduce many sensor-based paradigms and
measurement systems [11].

After that, one of the most innovative paradigms for pulse
diagnosis was developed utilizing a piezoelectric sensor-based
paradigm for acquiring the radial pulse, which illustrated feasi-
bility in pulse acquisition, but it has low signal stability, which
caused irregularities during disease analyzation. To overcome this
limitation, an advanced pulse transit time estimation paradigm
was developed utilizing the same piezoelectric sensor. It provided
better resolution in time and reduced the irregularities but devel-
oped artifacts, which led the direction of research to develop
multi-sensor-based systems for acquisition and analyzation. Then
the Naadi Tarangini paradigm was introduced, utilizing strain
gauges based on Vata, Pitta, and Kapha pulse acquisition and
digitization, named Cun-Guan-Chi [12, 13]. First, it was struc-
tured based on the traditional pulse acquisition technique, which
provided high precision in the diagnosis of various diseases, but
challenges persisted, such as complex architecture due to immense
sensors and calibration. To overcome calibration, an amplitude
distribution analysis system was developed to statistically analyze
the arterial pulse amplitude to measure tridosha imbalance, which
quantified waveform features. However, some difficulties emerged
to interpret clinically, so it paved the way to introduce ML tech-
niques for interpretation. Later, pulse variation at different sites
was overcome by reviewing and comparing the morphology of
the radial pulse waveform across various wrist positions. It pro-
vided and proved the sensor positional sensitivity, which affects
the precision of diagnosis [14–18]. Subsequently, the study was
established by Palakurthi et al. [19] to set reliability benchmarks
to reduce artifacts in pulse analysis by introducing a PWA-based
paradigm. But it is only applicable for diseased adults, not for
healthy adults [17–19]. In order to elaborate the PWA study, the
pulse analyzation technique was introduced based on PWA for
pregnant women, which evaluated PWA changes during preg-
nancy and also illustrated diagnostic probability in obstetrics, but
was limited to general diagnosis. After that, a review study on
PWA and pulse wave velocity (PWV) was introduced, where the
perspectives to overcome the problems of feature analyzation and
diagnosis precision through sensor prototypes and ML techniques
emerged [20, 21].

Later, a transfer function-based technique was developed to
estimate the blood pressure (BP) from the radial pulse acquired
by a sensor prototype. But it heavily depends on modeling
assumptions for classification of waveforms in order to distin-
guish the aortic pulse for BP, which affects the prediction. To
overcome the classification limitation, the first ML technique,
SVM, was developed, where the pulse signal was classified for
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Table 1
Timeline table for the evolution of automated pulse diagnosis

Time period Sensor evolution Computational evolution Application scenario Diagnostic target

2001–2005 (Early
Experiments)

Piezoelectric
sensors

Peak detection, ampli-
tude tracking, and basic
waveform analysis

Initial digital acquisi-
tion of radial pulse
signals

Pulse waveform char-
acterization and
preliminary dosha
assessment

2006–2010
(Structured
Acquisition
and Feature
Extraction)

Multi-point
pressure sensors

Wavelet transforms,
frequency-domain analy-
sis, noise removal, feature
extraction, and baseline
correction

Standardized pulse
recording and
extraction of pulse
characteristics

Identification of Vata,
Pitta, and Kapha
pulse features

2011–2015
(Biomedical
Integration)

Pressure, temper-
ature, and PPG
sensors

KNN, SVM, and Decision
Tree-based classification

Automated pulse
analysis and
classification

Dosha classification
and disease-related
pulse abnormalities

2016–2020 (ML
Growth and
Commercial
Devices)

Wearable PPG,
MEMS, and
strain-gauge
sensors

SVM, Random Forest, and
artificial neural networks

Portable and wearable
pulse monitoring
systems

Hypertension, diabetes,
cardiovascular dis-
orders, and dosha
imbalance detection

2021–2023 (Deep
Learning and
Real-Time
Monitoring)

Wearable
piezoelectric
sensors and
IoT-enabled
devices

CNN, Long Short-Term
Memory (LSTM), multi-
modal fusion, and real-time
analytics

Continuous health
monitoring and
smart diagnostic
platforms

Automated tridosha
assessment and
disease prediction

2024–2025 (Fully
Digital Naadi
Platforms)

Thin-film and
flexible sensors

Cloud-integrated intel-
ligent systems and
decision-support
frameworks

Digital Naadi
diagnosis and
remote healthcare
applications

Personalized tridosha
evaluation and
clinical decision
support

many diseases with the help of an elastic metric, but it has
dataset limitations. Jin et al. [22] conducted a wave intensity anal-
ysis for wave classifiers developed by ML techniques to advance
the wave propagation model, which increased the accuracy, but
too difficult for clinical routine [22, 23]. To analyze continu-
ous BP, a combined paradigm of Electrocardiogram (ECG),
pulse sensor, and ML model was developed, which improves
BP accuracy through multimodal sensing, classification, and
analyzation. However, to combine modern and traditional tech-
nology, a piezoelectric sensor-based ML model aligned with
Ayurvedic Vata, Pitta, and Kapha signals is used. It enhanced
the matching among modern and traditional techniques, but val-
idation has not been done, and it is not a wearable prototype
[24, 25].

Subsequently, based on matching technique, Nie et al. [26]
developed a paradigm which combined piezoelectric and approx-
imation entropy model were healthy and unhealthy pulse waves,
has been diagnosed. It provided high sensitivity even to subtle
changes in the pulse waveforms. However, it has heavy com-
putational complexity due to matching traditional and modern
techniques for entropy estimation. The analysis of the piezoelec-
tric and approximation technique was done in pregnant women.
It helped to analyze the pulse waveform shifts and validated vari-
ations in physiology too [26, 27]. To help the ML model for
validation, Palakurthi et al. [19] conducted clinical testing on
Maharishi Nadi-Vigyan to establish the robustness of AI models,
and it motivated the researcher to develop the fully automated
pulse analysis paradigm. Later, PWV estimated through ML was
developed by Jin et al. [22], which helped the model to estimate
arterial stiffness, but the dataset limitations were there [18, 19].
So, to overcome the limitations of PWV estimation through an

ML model, modified piezoelectric physiological pulse acquisition
was demonstrated, and it appears to be a compact and high-
sensitivity-based system, but it is not a wearable prototype. One
of the most innovative paradigms for pulse diagnosis was ini-
tially developed utilizing a piezoelectric sensor-based paradigm to
apprehend Vata, Pitta, and Kapha signals with enhanced relia-
bility. It differentiated the age, gender, and diabetic conditions
by analyzing the tridosha imbalance, and it showed enhanced
precision across all conditions, indicating prominent consistency.
However, the paradigm lacked samples, labeled datasets, analyza-
tion across larger populations, extra feature extraction, specific
disease validation, and measurement variability due to sensor
placement and pressure [28, 29].

Later, many ML classification techniques for pulse quality
have been developed, especially after Ouyoung et al.’s [27] ML
classifier to analyze high- and low-quality pulses, which increased
the dataset reliability, but it is not focused on disease diagnosis.
Then Liu et al. [28] developed a wearable pulse sensor proto-
type with an SVM model for basic diseases such as BP and heart
rate. To advance that prototype, Deng et al. [29] developed a
smart wearable device combining pulse acquisition through sen-
sors and continuous analyzation through an Internet of Things
(IoT)-enabled health monitoring system [30]. Then, the pulse wave
analysis of the prototype was enhanced by Jin et al. [22] by devel-
oping an algorithm named waveform recognition utilizing an ML
technique, which provided high precision, especially for cardio-
vascular monitoring with slight sensor complexity. To overcome
this, many flexible wearable sensors have been developed in recent
days, as illustrated in Table 2, by year of implementation, method-
ology used, and their advantages and disadvantages, paving the
way for further future design implementations, which still lack
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Table 2
Summary of literature on sensor AI-based pulse diagnosis

Year Method
Application
scenario

Diagnostic
target Advantages Limitations

Research
motivation

Database
source

2001 Review of
Pulse-Wave
Mechanics

Fundamen-
tal pulse
waveform
studies

Pulse waveform
characteriza-
tion

Established ter-
minology and
theoretical
foundation

No exper-
imental
implementa-
tion

Encouraged
engineering-
based pulse
research

Scopus, Web
of Science,
PubMed

2004 Physiologi-
cal Factors
Affect-
ing Radial
Waveform

Radial pulse
assessment

Identification
of pulse-
influencing
factors

Identified key
variables
affecting pulse
characteristics

No sensor
innovation

Supported
controlled
pulse
acquisition
studies

PubMed,
Scopus

2004 Piezoelectric
Transducer
for Radial
Pulse

Sensor-
based pulse
acquisition

Dosha-
related pulse
measurement

Demonstrated
feasibility of
piezoelectric
sensing

Limited sta-
bility and
signal
quality

Initiated
sensor-
assisted
Ayurvedic
pulse
diagnosis

IEEE
Xplore,
Scopus

2006 Pulse Transit
Time Estima-
tion Using
PZT Sensors

Time-domain
pulse analysis

Arterial pulse
timing
estimation

Improved
temporal mea-
surement
accuracy

Sensitive to
motion
artifacts

Supported
develop-
ment of
multi-
sensor
systems

IEEE
Xplore,
Scopus

2007 Strain-Gauge
Diaphragm
System for
Cun-Guan-
Chi

Digital Naadi
assessment

Vata, Pitta,
and Kapha
evaluation

First structured
Ayurvedic
pulse dig-
itization
system

Bulky design
and cal-
ibration
requirements

Became a
reference
model
for later
systems

IEEE
Xplore,
Scopus

2007 Probability
Distribution
of Waveform
Amplitudes

Mathematical
pulse analysis

Pulse variability
assessment

Quantified pulse
variations
mathematically

Difficult
clinical inter-
pretation

Inspired
entropy-
based and
proba-
bilistic
models

Scopus, Web
of Science

2008 Waveform
Analysis
at Multi-
ple Radial
Positions

Multi-location
pulse
acquisition

Dosha local-
ization
studies

Demonstrated
positional
sensitivity of
pulse signals

Standard-
ization
challenges

Motivated
multi-
sensor
array devel-
opment

Scopus,
PubMed

2008 PWA Repeata-
bility
Studies

Pulse waveform
validation

Consistency
assessment

Established
benchmark
validation
methods

Limited
subject
diversity

Improved
reliability
evaluation
techniques

PubMed,
Scopus

2009 Pregnancy
Waveform
Analysis

Obstetric
monitoring

Pregnancy-
related
physiological
changes

Identified
diagnostic
potential in
pregnancy

Limited gener-
alizability

Encouraged
disease-
specific
pulse appli-
cations

PubMed,
Scopus

2011 Pulse Mechan-
ics and PWV
Analysis

Biomedi-
cal pulse
assessment

Arterial
stiffness
evaluation

Unified engi-
neering and
medical
perspectives

Lack of exper-
imental
validation

Assisted
future
device and
algorithm
selection

Scopus, Web
of Science

(Continued)
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Table 2
(Continued)

Year Method
Application
scenario

Diagnostic
target Advantages Limitations

Research
motivation

Database
source

2013 Transfer-
Function-
Based
Estimation

Blood pressure
monitoring

Central blood
pressure
estimation

Clinically mean-
ingful BP
prediction

Model
dependency

Motivated
ML-based
blood
pressure
estimation

PubMed,
IEEE
Xplore,
Scopus

2014 SVM with Elas-
tic Distance
Metrics

Automated
pulse
classification

Dosha and
disease
classification

First successful
ML applica-
tion in pulse
diagnosis

Small dataset Opened path-
way for
advanced
AI models

IEEE
Xplore,
Scopus

2014 Wave Propa-
gation and
Intensity
Modeling

Physiological
pulse analysis

Hemodynamic
assessment

Improved phys-
iological
interpretation

Computational
complexity

Supported
advanced
pulse
feature
develop-
ment

Scopus, Web
of Science

2017 Cun-Guan-Chi
Pulse Sensor

Ayurvedic pulse
assessment

Dosha
classification

Strong agree-
ment with
traditional
diagnosis

Limited
clinical
validation

Basis for
wear-
able pulse
diagnosis
systems

IEEE
Xplore,
Scopus

2018 ECG and Pulse
Integration

Multimodal
health
monitoring

Continu-
ous blood
pressure
estimation

Improved
monitoring
accuracy

Complex
hardware
design

Inspired mul-
timodal
diagnostic
systems

IEEE
Xplore,
PubMed,
Scopus

2018 Gestational
Pulse
Variation
Study

Maternal
health
assessment

Physiologi-
cal changes
during
pregnancy

Validated
pulse varia-
tions across
gestation

Small-scale
study

Strengthened
constitution-
based
analysis

PubMed,
Scopus

2019 ApEn and
Piezo-
Electret
Sensor
Integration

Automated
health
monitoring

Health status
detection

Detected sub-
tle waveform
variations

High com-
putational
cost

Motivated
feature-
engineering
approaches

IEEE
Xplore,
Scopus

2021 Ayurvedic
Pulse
Assessment

Traditional
diagnosis
support

Disease
identification

Demonstrated
practical
diagnostic use

Practitioner-
dependent
interpreta-
tion

Encouraged
automation
efforts

Scopus,
PubMed

2021 PWV Estima-
tion from
Radial Pulse

Cardiovascular
assessment

Arterial
stiffness
measurement

Noninvasive
evaluation
method

Device-specific
datasets

Influenced
cardiovas-
cular ML
applica-
tions

PubMed,
Scopus

2022 PZT-Based
Physiological
Monitoring

Wearable
health
monitoring

Pulse and phys-
iological
parameter
tracking

High sensitivity
and compact
design

Noise
susceptibility

Foundation
for next-
generation
wearable
sensors

IEEE
Xplore,
Scopus

2022 Pulse Quality
Assessment
Using ML

Signal quality
evaluation

Reliable
pulse signal
selection

Improved dataset
reliability

Not disease-
focused

Supported
robust pre-
processing
strategies

IEEE
Xplore,
Scopus

2023 Cun-Guan-Chi
Simulation
Using PZT

Digital Naadi
simulation

Dosha pattern
analysis

Correlated with
traditional
pulse diagnosis

Early-stage
validation

Basis for flex-
ible pulse
sensing
systems

IEEE
Xplore,
Scopus

(Continued)
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Table 2
(Continued)

Year Method
Application
scenario

Diagnostic
target Advantages Limitations

Research
motivation

Database
source

2023 IoT-Enabled
Health
Monitoring

Remote
healthcare
monitoring

Continu-
ous health
assessment

Mapped recent
digitization
trends

Limited exper-
imental
validation

Motivated
smart
Naadi
monitoring
platforms

IEEE
Xplore,
Scopus

2023 Waveform
Recognition
with Car-
diovascular
Monitoring

Intelligent pulse
diagnosis

Cardiovascular
abnormality
detection

High diagnostic
precision

Requires high-
quality
sensors

Supported
advanced
sensing
technolo-
gies

IEEE
Xplore,
Scopus

2025 Thin-Film PZT
Radial Pulse
Sensor

Wearable pulse
diagnosis

Dosha and
disease
assessment

High precision
with wearable
design

Expensive
fabrication
process

Represents
current
state-of-
the-art
develop-
ment

IEEE
Xplore,
Scopus,
Web of
Science

in data acquisition, classification, and various disease prediction
through analyzation.

The present work is a review of pulse diagnosis tech-
nologies and does not focus on diagnosing a single disease.
Instead, it examines the sensing methods, signal processing tech-
niques, feature extraction approaches, and ML models that have
been reported in previous studies. The literature shows that
pulse-based diagnostic systems have been applied to the assess-
ment of several health conditions. Among the most commonly
investigated conditions are hypertension, cardiovascular diseases,
diabetes, arrhythmia, arteriosclerosis, and other circulatory dis-
orders. Researchers have analyzed variations in pulse waveform
characteristics such as amplitude, rhythm, pulse width, and
energy distribution to distinguish between healthy individuals and
patients with specific medical conditions. By combining pulse sig-
nal analysis with ML techniques, these studies have demonstrated
the potential of pulse diagnosis as a supportive tool for early
disease detection and health monitoring. Therefore, rather than
concentrating on a particular disease, this review highlights the
broad range of medical applications in which pulse diagnosis has
been explored.

3. Research Methodology

This research review highlights the consistent advancements
in acquisition and analysis of dosha signals, which are widely
driven by various biomedical sensing technologies, enhanced pro-
cessing methods, and automated models. Early generations have
proven that pulse waves can be collected consistently and reli-
ably. Based on this groundwork, many advanced systems have
been introduced based on sensors, AI, and IoT-enabled pro-
totypes, which allow continuous monitoring and classification
[31]. Despite several enhancements, various significant chal-
lenges still exist, such as large-scale validated datasets, metrics,
and developing a fully automated system for routine healthcare
monitoring and diagnosis. This extensive clinical use of pulse
analysis is nevertheless constrained because of these persistent
problems [32].

3.1. Data acquisition and dataset limitations

Acquiring a pulse signal plays a significant role in analysis.
The features of acquiring data can be varied based on a person’s
diet, the position of the sensor probes, and the pressure sensitiv-
ity of the area. Only a few studies have used large datasets, but
the majority of the paradigms used small-scale datasets. While
tremendous sensor-based researches do not completely adhere to
these conditions, the need for conventional practice in acquisition
can produce large-scale datasets for analyzation. Additionally,
the statistics generated by these studies are typically private and
inaccessible to the public, which restricts the ability to compare
different approaches or create consistent performance standards.
The advancement of pulse diagnosis systems has been stimulated
by the advancement of sensing technology for accurately and
noninvasively measuring the pulse waveform. The most common
techniques in the literature for capturing pulse signals are piezo-
electric sensors, PPG sensors, and multichannel array sensors, as
shown in Figure 2.

The piezoelectric sensor is used to detect the blood vessel
pressure produced by the pulsation of the blood vessels. These
sensors, when placed over the radial artery, are able to mea-
sure very small changes in pressure and generate an electrical
signal, which can be recorded with a high degree of sensitivity.
The sensor’s direct response to arterial pressure variations makes
it possible to gain information on the strength of the pulse, its
rhythm, and the shape of the pulse wave [33].

PPG sensors are based on the optical principle. The skin is
illuminated with a light source, and a photodetector is used to
detect the light that is reflected or transmitted. The level of light
detected by the photodiode fluctuates with blood volume changes
in each heartbeat, creating a blood volume waveform or blood
volume pulse signal. As PPG sensors are noninvasive, compact,
and easy to use, they are commonly used in wearable, healthcare-
related devices and continuous monitoring applications
[34, 35].

Multichannel array sensors are sensors that are a matrix of
various sensing elements. These sensors are not only located at a
single site but also obtain data from multiple positions throughout
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Figure 2
Common sensors used for pulse signal acquisition: (a) piezoelectric sensor, (b) photoplethysmography (PPG) sensor

and (c) multichannel array sensor

the arterial area. This approach provides a more complete picture
of the pulse characteristics, such as pressure distribution and spa-
tial variations, which tends to be more reliable for assessing the
pulse [36, 37].

When and after the signals are acquired, the recorded pulse
waveforms are preprocessed to enhance the quality of the signals.
Filtering techniques such as Butterworth, Bessel, and Chebyshev
filters are used to eliminate unwanted noise, baseline drift, and
motion artifacts. After the signals are cleaned, the physiologi-
cal information of the signals is extracted from the waveform.
Typical features extracted are pulse amplitude, peak locations,
pulse width, heart rate, pulse rhythm, waveform morphology,
and energy-related features. These features are then compiled into
structured data and fed to ML and DL models for disease clas-
sification and prediction. With the fusion of advanced sensing
technologies and feature extraction technology, the capacity of
pulse diagnosis systems based on computers is greatly enhanced,
and the assessment of human health conditions is more accurate
and objective [38].

3.2. Signal preprocessing and denoising

After dataset preparation, various preprocessing techniques
have been utilized by various research studies, such as Cheby-
shev, Butterworth, Bessel, and Savitzky–Golay filters, to denoise
the signals to increase the precision. The variability in datasets
due to noise can cause artifacts to affect the model’s robustness.
This variability makes cross-study comparison challenging and

can have a substantial impact on diagnostic results because the
shape and characteristics of the pulse waveform are very sensi-
tive to these decisions. So, the determination of employing the
exact preprocessing techniques will preserve the pivotal character-
istics of pulse signals and enhance benchmark evaluations during
analyzation [39, 40].

The Butterworth filters are, for example, used when high-
frequency noise has to be reduced without affecting the response
of the signal. The Bessel filters are used when it is important to
maintain the temporal properties of the waveform since they cause
little distortion to the waveform. The Chebyshev filters have a
sharper transition band between the passband and stopband and
can offer good noise suppression. Likewise, Savitzky–Golay fil-
ters are often used to smooth out pulse signals while preserving
significant features of the signal, such as the morphology, peaks,
and valleys [41].

The quality of the pulse features extracted in the preprocess-
ing stage directly affects the quality of the features obtained. There
can be residual noise or artifacts that can affect the characteristics
of the waveform and, therefore, the results of the analysis [42].
Additionally, direct comparisons are often hard to make due to
differences in the preprocessing techniques employed in studies.
The type of preprocessing technique used to generate pulse wave-
forms is critical, as the waveforms are very sensitive to the process
by which they are created, so careful selection of preprocess-
ing is required to maintain meaningful physiological information.
The improvement of the reliability of the feature extraction
is just one of the benefits that can be achieved by effective
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preprocessing, which can also help to make diagnostic evaluation
and performance evaluation more accurate.

3.3. AI model validation and interpretability

The comprehensive study on AI-based automated pulse
diagnosis paradigms is generally focused on differentiating the
normal and abnormal pulses, but its findings contributed little
to real-time clinical decisions, and these implementations illus-
trated and proved that pulse analyzation can be done completely
through computation, and it shows that various AI studies have
been explored and evaluated for specific diseases such as dia-
betes, pregnancy pulse observation, and cardiac issues. Some of
the significant ML techniques, such as KNN, RF, and SVM,
achieved higher precision. They established and analyzed the cor-
relation between extracted features through AI and traditional
pulse analysis, such as normal stiffness, movement, and stiff-
ness. But the limited interpretability due to small-scale datasets
in ML paradigms is another crucial problem. Despite enhanced
progress, there are still some gaps that persist including inadequate
disease-specific validation, inconsistent preprocessing techniques,
a lack of standardized data gathering protocols, restricted pub-
lic dataset accessibility, and inadequate model transparency. To
address these problems, engineers, data scientists, and Ayurvedic
specialists must work together to create reliable datasets and com-
prehensible AI systems that connect contemporary analytics with
conventional diagnostic knowledge [43, 44].

3.4. Conceptual framework and illustrations

The automated pulse analysis conceptual framework com-
bines contemporary engineering and computational methods with
conventional diagnostic concepts. It describes how AI is used to
convert biological pulse signals obtained from the radial artery
into useful diagnostic findings. Sensor-based pulse acquisition,
data preprocessing and conditioning, feature extraction and clas-
sification, and AI-enabled disease prediction are the four main
parts of this approach, as illustrated in detail in Figure 3. First,
capturing the mechanical pulse variations generated by the car-
diovascular system is the primary goal of the first component,
the sensor-based prototype design. In accordance with Ayurvedic

diagnostic sites, a multichannel sensing unit is positioned at the
wrist’s Vata, Pitta, and Kapha places. Small artery movements are
converted into electrical impulses using piezoelectric, pressure, or
optical sensors. A data acquisition module that interfaces with
these sensors digitizes the pulse waveforms for collecting in real
time. Software platforms such as LabVIEW or MATLAB assist
the hardware, making it possible to continuously monitor, visu-
alize, and save pulse data from patients of a variety of ages and
health problems [45, 46].

Second, signal preparation ensures that raw data are clean,
consistent, and analysis-ready. Motion noise, baseline drift, sensor
movement, and ambient interference can all affect pulse signals.
So, to overcome that, various filtering techniques such as denois-
ing and noise cancelation were utilized, and correlating pulse
replication and removing artifacts through normalization and seg-
mentation enhances the signal’s quality. These results provide a
stable waveform that observes each individual’s unique physiolog-
ical features. Piezoelectric, PPG, and multichannel array sensors
only obtain the pulse signals as continuous waveforms. These
waveforms have useful information about cardiovascular activ-
ity. These data are used for computational analysis to represent
numerically. The parameters that are commonly extracted are
pulse amplitude, heart rate, pulse width, peak-to-peak interval,
and signal energy. The numerical characteristics are used to give
a quantitative description of the pulse and will serve as input to
the models for disease classification.

The values in Table 3 depict how the pulse waveforms are
converted into measurable parameters. For instance, the ampli-
tude of a pulse is the energy of the pulse signal, and the width of
a pulse is the length of a pulse cycle. Heart rate variability is esti-
mated by the peak-to-peak interval, and the energy index gives
information on the overall intensity of the pulse form. The data
obtained by these methods can be used to systematically analyze
for the prediction of disease and health assessment using ML and
DL techniques.

Third, cleaned waveforms are transformed into quantitative
descriptors in the third component, feature extraction and clas-
sification. Amplitude, slope, pulse width, and interbeat intervals
are examples of time-domain characteristics. While morpholog-
ical parameters describe rigidity, rhythm, and waveform shape,
frequency-domain aspects capture harmonic content and energy

Figure 3
Illustration of conceptual framework and stages of pulse diagnosis
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Table 3
Samples of numerical features extracted from pulse sensor measurements

Sample ID Sensor type
Pulse

amplitude (mV)
Heart rate
(BPM)

Pulse
width (ms)

Peak-to-peak
interval (ms)

Energy
index

S1 Piezoelectric 1.24 72 145 833 0.84
S2 Piezoelectric 1.37 76 141 789 0.89
S3 PPG 0.95 71 150 845 0.80
S4 PPG 1.08 82 132 732 0.93
S5 Multichannel Array 1.42 74 143 811 0.88

S6 Multichannel Array 1.56 87 128 690 1.01

distribution.MLtechniques such as SVM,RF,KNN,andDecision
Trees are used to analyze these features. Subjects are categorized by
the models according to demographic parameters, including age
and gender, dominant dosha patterns, or pulse characteristics.

Finally, the last part connects clinical results with quantified
pulse properties through AI-driven illness prediction. To detect
early indicators of metabolic, cardiovascular, and stress-related
disorders, predictive models are trained. AI algorithms create risk
evaluations and likelihood scores by identifying minute waveform
abnormalities linked to conditions such as diabetes, hypertension,
or vascular stiffness. This process turns conventional pulse inter-
pretation into a diagnostic tool with a solid scientific foundation.
When combined, these elements provide a methodical approach
that combines conventional wisdom with cutting-edge technol-
ogy to produce a dependable system for objective, noninvasive
pulse-based diagnosis.

However, the advent of ML and DL techniques has brought
new possibilities for automatic pulse diagnosis in Ayurvedic tra-
dition, as represented in Table 4. Pulse examination in Ayurvedic
medicine is an approach that assesses the equilibrium between
Vata, Pitta, and Kapha by observing characteristics such as

strength, rhythm, speed, depth, and regularity of the pulse. Many
of the parameters that are extracted from the digital pulse signals,
such as amplitude, pulse width, peak characteristics, energy-
related parameters, etc., are measured representations of the
traditional observations [47, 48]. Thus, computational techniques
are adjunctive tools to enhance the uniformity and objectiv-
ity in the assessment of the pulse, while maintaining important
principles of Ayurvedic diagnosis [49, 50].

As people start to use wearable pulse monitoring systems,
data privacy and ethical use have become an issue of great
concern. The devices continuously record physiological data;
therefore, suitable protective measures must be taken to ensure
that the physiological data are not accessed or used by another
party. Data storage, transmission, and sharing should be done
in a proper way to ensure data confidentiality and compliance
with the relevant data sharing rules. It is also vital that the users
be told what information is being collected and how it is being
used. Finally, more transparency in automated decision-making
can boost the confidence of the users and help foster responsi-
ble use of wearable pulse monitoring technology in healthcare
practice [51].

Table 4
Comparison of machine learning and deep learning models used in automated pulse diagnosis

Model Typical dataset size Application Strengths Limitations

KNN Small to medium
datasets

Dosha classifica-
tion and Pattern
recognition of pulses

Easy implementation and
easy to understand

Performance decreases
with large datasets and
noisy data

SVM Small to medium
datasets

Disease classifica-
tion and pulse
categorization

Effective for high-
dimensional data and
limited samples

Sensitive to parameter
selection and kernel
choice

Decision Tree Small datasets Rule-based pulse
classification

Easy to understand and
visualize

Prone to overfitting

Random
Forest

Medium to large
datasets

Disease prediction
and pulse feature
classification

Improved robustness and
reduced overfitting

Increased computational
complexity

ANN Medium datasets Pulse pattern learning
and disease detection

Captures nonlinear
relationships

Requires parameter tuning
and sufficient training
data

CNN Large datasets Automated pulse
waveform analysis

Learns features directly
from raw signals

Requires large labeled
datasets and
computational resources

LSTM Sequential pulse
datasets

Temporal pulse signal
analysis

Effective for time-series
data

Training complexity and
longer processing time
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4. Conclusion

This review explored and analyzed the evolution of various
basic and semiautomated pulse diagnosis paradigms from the ini-
tial stage to the final stage, which is from signal acquisition to
AI-based disease diagnosis paradigms. The replacement of dis-
ease diagnosis through physical palpation has been precisely done
by sensor models for data acquisition, waveform variation anal-
ysis, and classification through advanced computational models.
However, existing researchers have analyzed tridosha imbalances
digitally, but still, there are some limitations that persist in data
collection, feasible preprocessing selection for denoising, a fully
automated model, experts’ direction, and clinical validation. The
majority of these research studies were employed, explored, and
utilized as experimental tools rather than as clinically diagnostic
solutions.

The results show that there is a great advancement in the
field of sensor technology, signal preprocessing, feature extrac-
tion, and ML-based diagnostic techniques. Recent advances have
helped to increase the objectivity of the pulse assessment and
decreased the need to rely on subjective interpretations. Despite
these gains, however, differences in data collection techniques and
the fact that these systems have not been widely tested in clini-
cal settings remain to impact the reliability and widespread use of
these systems.

5. Future Work

The development of well-defined techniques for positioning
sensors, applying the pressure, and the settings for sampling will
be beneficial to future research, providing continuously enhanced
results in real time. In the future, the process of understand-
ing the diagnostic judgment by an automated model requires the
integration of explainable AI into the computational aspects and
traditional Ayurvedic concepts. The future of wearable sensors,
multimodal data fusion technologies, and cloud-based analytics
will further aid continuous monitoring and remote health eval-
uations. The ultimate goal of future research ought to be to
create something fully validated, understandable, and clinically
applicable that incorporates modern biomedical technology and
traditional pulse diagnostics.

Recommendations

Developing and creating large-scale datasets with consistent
placement in sensor, frequency, and diversity in real time and
allowing that to be utilized by researchers can increase the val-
idation accuracy of the datasets. Using multimodal sensors to
acquire and detect slight variations in the pulse and then incor-
porating denoising can enhance accuracy and reliability. After
that, correlating and integrating the modern and traditional met-
rics can provide several hybrid features for analyzation. Utilizing
an advanced AI model for interpretation can produce classifi-
cation of doshas, imbalances, and disease predictions. However,
after developing a fully automated analysis paradigm, it is rec-
ommended to test the paradigm with a real-time clinical trial,
especially for hypertension, nervous disorders, diabetes, and car-
diac disorders, and this fully automated paradigm needs to be
deployed into a single system. It needs to ensure compliance with
medical regulations and the patient’s privacy guidelines. After
that, exploration and expansion should be done for collaboration
with AI experts to develop more paradigms.
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