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Photoplethysmography based atrial fibrillation detection: a
review
Tania Pereira 1*, Nate Tran1, Kais Gadhoumi1, Michele M. Pelter1, Duc H. Do2, Randall J. Lee3, Rene Colorado4, Karl Meisel4 and
Xiao Hu 1,5,6,7

Atrial fibrillation (AF) is a cardiac rhythm disorder associated with increased morbidity and mortality. It is the leading risk factor for
cardioembolic stroke and its early detection is crucial in both primary and secondary stroke prevention. Continuous monitoring of
cardiac rhythm is today possible thanks to consumer-grade wearable devices, enabling transformative diagnostic and patient
management tools. Such monitoring is possible using low-cost easy-to-implement optical sensors that today equip the majority of
wearables. These sensors record blood volume variations—a technology known as photoplethysmography (PPG)—from which the
heart rate and other physiological parameters can be extracted to inform about user activity, fitness, sleep, and health. Recently,
new wearable devices were introduced as being capable of AF detection, evidenced by large prospective trials in some cases. Such
devices would allow for early screening of AF and initiation of therapy to prevent stroke. This review is a summary of a body of work
on AF detection using PPG. A thorough account of the signal processing, machine learning, and deep learning approaches used in
these studies is presented, followed by a discussion of their limitations and challenges towards clinical applications.

npj Digital Medicine             (2020) 3:3 ; https://doi.org/10.1038/s41746-019-0207-9

INTRODUCTION
Atrial fibrillation (AF) is an abnormal cardiac rhythm characterized
by a disorganized atrial activity. AF is recognized in the
electrocardiogram (ECG) as an irregularly irregular rhythm lasting
more than 30 s, with no discernible P-waves preceding the QRS
complex.1 AF prevalence is age, gender, and race dependent.2 It is
particularly high in the elderly population, reaching 10–17% in
subjects 80 years and older.3 In addition, AF is more prevalent in
males and in the white population.3 AF is associated with
significant morbidity and mortality. One in five strokes is
associated with AF and one-third of cardiac arrhythmias
hospitalizations are due to AF-related complications. AF has been
associated with a twofold increase in the risk of death.4

Additionally, the aging population in the US and worldwide is
leading to a markedly increasing AF prevalence3,5.
The high prevalence of asymptomatic AF has significant clinical

implications on the diagnosis and management of AF.6 Inter-
mittent ECG evaluation during clinical visits has a low likelihood of
detecting paroxysmal AF. Continuous monitoring would increase
the chances of AF detection, thereby allowing appropriate primary
and secondary stroke prevention strategies to reduce the high
morbidity and mortality of stroke.
For patients with acute ischemic stroke or transient ischemic

attack, approximately 10% will have new AF detected during their
hospital admission.7–9 Continuous ECG monitoring for 30 days is
recommended in case of an embolic stroke of undetermined
cause (cryptogenic).9 Novel non-intrusive approaches for cardiac
rhythm monitoring can potentially enable early and accurate
detection of asymptomatic paroxysmal AF and create a shift in AF
management.10,11 Especially for asymptomatic AF cases, new tools

that allow the AF detection will help make the appropriate clinical
decisions.10

Photoplethysmography (PPG) has emerged as a low-cost and
non-intrusive modality for continuous monitoring of heart rate. A
variety of wearable devices offer PPG-based monitoring, including
smartphones and smartwatches. A photoplethysmogram is a
pulse pressure signal resulting from the propagation of blood
pressure pulses along arterial blood vessels. Measured on the
periphery, it carries rich information about the cardiac activity,
cardiovascular condition, the interaction between parasympa-
thetic and sympathetic nervous systems, and hemoglobin level.12

Many physiological parameters can be derived from PPG,
including oxygen saturation, heart rate, blood pressure, and
cardiac output.13 These capacities of PPG open the door to
develop new ambulatory diagnosis tools enabling early screening
of heart conditions, including arrhythmia.14

This review provides an account of the approaches used in PPG-
based AF detection. A brief overview of the technology behind
PPG is first presented, followed by a summary of methods and
algorithms developed for PPG-based AF detection. Recognizing
the importance of using PPG to detect AF at scale, the motivation
of this review is to guide the future development of algorithms
towards clinical-grade applications.

PHOTOPLETHYSMOGRAPHY
PPG signal
PPG waveform is generated during a cardiac cycle and typically
measured at a peripheral site. Therefore, it is essentially a pulse
pressure waveform that originates from the heart contraction and
propagates through the vascular tree. As blood flow is controlled
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by neural, cardiac, and respiratory interactions, various physiolo-
gical parameters could theoretically be extracted from analyzing a
PPG signal.15 For this reason, the PPG signal has rich information
about physiological conditions.13

PPG waveforms have typical morphological components
corresponding to landmark events in the cardiac cycle. During
the contraction of the left ventricle, blood is ejected out of the
heart and propagates along the arterial tree, this corresponds to
the initial positive slope of a PPG pulse. The systolic peak marks
the maximum of the waveform. A decrease in amplitude following
the systolic peak is marked by a local minimum, or the dicrotic
notch, which corresponds to the closing of aortic valves
separating the systolic and diastolic phases. In some cases, a
third peak following the dicrotic notch can be identified. It
corresponds to a reflected component of the forward wave from
various reflection sites including vessel bifurcations.16

Clinical parameters
One primary clinical application of PPG is arterial blood oxygen
saturation (SpO2) estimation through pulse oximetry.17 SpO2 is
defined as the percentage of oxygen saturation in the arterial
blood, which can be measured by the ratio of oxygenated
hemoglobin concentration to the total hemoglobin concentration,
with a normal range between 97% and 98%.18 Recently, new
applications of PPG have emerged for the continuous estimation
of valuable cardiovascular parameters in ambulatory settings.
Heart rate, blood pressure, and respiratory rate could be closely
monitored for fitness or health assessment.19 Advanced diagnostic
applications of PPG were also envisaged. Cardiac function, arterial
stiffness, autonomic nervous system (ANS) responses, and apnea
are among conditions that could potentially be detected or
evaluated using PPG.
Changes in blood volume are synchronous with the heart beats,

such synchrony is manifested by the concordance of inter-beat
intervals (RR intervals) measured in PPG and time-synchronized
ECG.20 Heart rate variability (HRV) is an indirect measurement of
ANS, and it has also been considered as a surrogate parameter of
the interaction between the brain and cardiovascular system.21

HRV metrics can be derived from analyzing RR intervals in time
and/or frequency domain as well as using nonlinear dynamic
analysis approaches.22 Respiratory rate is one of the fundamental
vital signs and can be determined from the time–frequency
representation of a PPG signal.23

Some hemodynamic parameters such as augmentation index
(AIx) and pulse wave velocity (PWV) are important biomarkers of
arterial stiffness, which is a direct cause of hypertension and a
major risk factor for cardiovascular events such as myocardial

infarction and stroke. Both AIx and PWV could be derived from
PPG,24,25 Subendocardial Viability Ratio (SEVR %) and Ejection
Time Index (ETI) are two hemodynamic parameters used in the
evaluation of cardiac workload that can be estimated with PPG
analysis.25 Additionally, some studies claim that arterial blood
pressure could be estimated using advanced analysis of PPG.17

Modes of PPG measurement
A PPG signal has two main components: a quasi-static direct
current (DC) component, which represents light reflected/trans-
mitted from static arterial blood, venous blood, skin and tissues;
and pulsatile alternate current (AC) component which arises from
modulation in light absorption due to changes in arterial blood
volume. PPG measurement can be carried out using two modes:
transmission and reflectance. In transmission mode, the light
transmitted through the medium is detected by a photodetector
(PD), which is positioned in the opposite site of the light source.
The sensor must be located on the body at a site where
transmitted light can be detected. The measurement site is limited
to the extremities of the body, such as the fingertip or earlobe.
The greatest disadvantage of the transmission mode is the
location of the device that can interfere with daily routine
movements.26 In reflectance mode, the PD detects light that is
back scattered or reflected from tissues, bone, and/or blood
vessels, which means the light source and PD are positioned on
the same side. Unlike the transmission mode, the measurement
sites are not restricted to any particular location, which facilitates a
user-friendly monitoring approach. The wrist, forearm, ankle, and
forehead are common measurement sites.27

Since the basic form of PPG technology requires only a few
optoelectronic components (a light source and a PD: to measure
the variations on the light reflected/transmitted by the tissues), it
can be easily and inexpensively incorporated in various digital
devices such as watches, smartphones, or wearables.28 The
ubiquitous availability of PPG in a wide range of wearable digital
devices has motivated the search for new applications and the
development of novel biomedical solutions.

PPG-BASED AF DETECTION
In a PPG signal, AF is manifested as varying pulse-to pulse intervals
and pulse morphologies. On the other hand, a normal sinus
rhythm (NSR) is recognizable through regularly spaced PPG pulses
with similar morphologies between consecutive pulses. Recogniz-
ing an arrhythmia in a PPG signal can sometimes be challenging in
the presence of artifacts. Common sources of artifacts are motion
and poor sensor contacts. Artifacts can be misinterpreted as

%SpO2
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PPG Measurement

Normal Sinus Rhythm

AFib

PPG signal

Noise Artifact

Fig. 1 PPG signal acquired using a wearable device and typical waveforms representing NSR, AF, and noise artifact.
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physiological abnormalities. Motion artifacts can be identified
using accelerometry data. Most modern wearable devices include
accelerometry sensors that measure acceleration forces along
different spatial directions. It is a common practice to discard PPG
contaminated with an artifact. Figure 1 depicts samples of PPG
with NSR, AF, and artifact.
ECG remains the gold standard for the electrophysiological

definition and recognition of arrhythmias,1 including AF diag-
nosis.29 In a recent study, new deep learning approaches achieved
cardiologist-level AF detection of 12 types of arrhythmia (F1 score=
0.84 vs F1 score= 0.78) when 91,232 single-lead ECGs from 53,549
patients were analyzed.30 Compared to ECG, PPG-based AF
detection is more challenging but also rewarding in situations
where longer monitoring time and lower cost beyond what ECG
offers is needed, e.g., screening AF at scale.
Recent advances in sensor technologies and wearable devices

have increased the role that a PPG-based solution could play in
the assessment of health status. Electronics capable of recording
PPG signals with relatively high signal-to-noise ratio (SNR) may
warrant reliable PPG monitoring and screening of arrhythmia.11,31

In a typical AF detection algorithm, features (temporal, spectral,
or morphological) are extracted from the acquired PPG signal and
analyzed by the detection algorithm to inform if an AF rhythm is
detected. In some approaches, image representation of the
temporal waveform has been considered. The derived image
would then be analyzed using conventional image processing or
artificial intelligence-based methods (Fig. 2).32–34 Traditionally,
prominent features were derived from the tachogram (RR
intervals) since it is a reliable measure of heart beats.35 Realizing
that PPG waveforms may carry physiological information beyond
heart rate, new features beyond RR intervals were derived.36 The
use of PPG time series and their images representation (e.g. raw

plot of the signal, fast Fourier transform spectrum, or wavelet
spectrogram—represented in the Fig. 2 in PPG representation
part) were used with promising results in the detection of
physiological events,32,37,38 Images for PPG representation in Fig. 2
is a general depiction of the format types of information used by
the different algorithms.
In the following sections, we review studies of PPG-based AF

detection. A body of white papers and peer-reviewed works
indexed by PubMed, Scopus, IEEE Xplore, and Web of Science up
to June 2019 was selected based on the following search
expression: (PPG “OR” Photoplethysmography) “AND” (atrial
fibrillation “OR” AF “OR” AFib) “AND” (detection “OR” recognition).
Each study is reviewed with respect to the size, the number of
patients, and recording settings of data analyzed, the PPG device
and site of recording, the AF detection algorithm, and its
performance. Figure 2 summarizes the main features examined
in these studies, described with more details in Tables 1–3.

Performance metrics
AF detection algorithms can be evaluated using several perfor-
mance metrics. It is common for many studies to report sensitivity,
specificity, and accuracy. Sensitivity is defined as the probability to
detect true AF events, while the specificity measures the
proportion of actual Non-AF instances correctly identified as such.
Accuracy is a balanced metric of sensitivity and specificity. The
accuracy of an AF detection algorithm is its ability to differentiate
between AF and Non-AF cases.39 Generally, accuracy is the most
common reported metric, along with the area under the curve
(AUC) of the receiver operating characteristic (ROC). A ROC for
differentiating AF vs Non-AF is generated by plotting sensitivity vs
(1-specificity) at different classification thresholds. AUC is a

RR Intervals
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Fig. 2 Overview of the main features extracted from PPG signals used in the studies reviewed (see Tables 1–3). SpO2 oxygen saturation,
PRbpm pulse rate (beats per minute).
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