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Abstract—Atrial fibrillation (AF) affects three to five million
Americans and is associated with significant morbidity and mor-
tality. Existing methods to diagnose this paroxysmal arrhythmia
are cumbersome and/or expensive. We hypothesized that an iPhone
4S can be used to detect AF based on its ability to record a pul-
satile photoplethysmogram signal from a fingertip using the built-
in camera lens. To investigate the capability of the iPhone 4S for
AF detection, we first used two databases, the MIT-BIH AF and
normal sinus rhythm (NSR) to derive discriminatory threshold val-
ues between two rhythms. Both databases include RR time series
originating from 250 Hz sampled ECG recordings. We rescaled
the RR time series to 30 Hz so that the RR time series resolution
is 1/30 (s) which is equivalent to the resolution from an iPhone
4S. We investigated three statistical methods consisting of the root
mean square of successive differences (RMSSD), the Shannon en-
tropy (ShE) and the sample entropy (SampE), which have been
proved to be useful tools for AF assessment. Using 64-beat seg-
ments from the MIT-BIH databases, we found the beat-to-beat
accuracy value of 0.9405, 0.9300, and 0.9614 for RMSSD, ShE,
and SampE, respectively. Using an iPhone 4S, we collected 2-min
pulsatile time series from 25 prospectively recruited subjects with
AF pre- and postelectrical cardioversion. Using derived threshold
values of RMSSD, ShE and SampE from the MIT-BIH databases,
we found the beat-to-beat accuracy of 0.9844, 0.8494, and 0.9522,
respectively. It should be recognized that for clinical applications,
the most relevant objective is to detect the presence of AF in the
data. Using this criterion, we achieved an accuracy of 100% for
both the MIT-BIH AF and iPhone 4S databases.

Index Terms—Atrial fibrillation (AF), cardioversion, iPhone, RR
time series, root mean square of successive differences (RMSSD),
sample entropy (SampE), Shannon entropy (ShE), smartphone.

I. INTRODUCTION

A TRIAL fibrillation (AF) is the most common sustained
arrhythmia. Over three million Americans are currently

diagnosed, and the prevalence of AF is increasing with the ag-
ing of the U.S. population [1]. Through its association with
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increased risk for heart failure, stroke, and mortality, AF has a
profound impact on the longevity and quality of life of a growing
number of people [2], [3]. Although new AF treatment strate-
gies have emerged over the last decade, a major challenge facing
clinicians and researchers is the paroxysmal, often short lived,
and sometimes asymptomatic nature of AF. Our current inability
to diagnose AF in minimally symptomatic patients with parox-
ysmal AF has important clinical implications, since even brief
episodes of asymptomatic AF are associated with increased risk
for stroke, heart failure, hospitalization, and death [4]. More-
over, the treatment of patients with disabling symptoms from
AF, including shortness of breath, syncope, and exertion intol-
erance, is often impeded by delays in diagnosis. Although the
population burden of known AF is substantial, [5] studies have
shown that more frequent monitoring can improve AF detec-
tion [6]. There is, therefore, a pressing need to develop methods
for accurate AF detection and monitoring in order to improve
patient care and reduce healthcare costs associated with treating
complications from AF. Such a method would have important
clinical and research applications for AF screening as well as
in assessing treatment response (e.g., after cardioversion or AF
ablation) and need for anticoagulation. For these reasons, the
importance of developing new AF detection technologies was
emphasized by a recent National Institute of Health Heart Lung
and Blood Institute Expert panel [7].

Given that detection of paroxysmal AF currently relies pri-
marily on the arrhythmia being present at the time of an in-office
electrocardiogram (a mere 10–20 s ECG strip recording), a great
deal of serendipity is required in the diagnosis of AF. A more
effective paroxysmal AF detection strategy requires a readily
available and cost-effective monitoring device that can be op-
erated by a patient on a daily basis, combined with an accurate
real time AF detection algorithm. It is an understatement that
such a monitoring device needs to be readily accessible, rela-
tively inexpensive, and simple to operate in order to be widely
accepted by individuals with, or at risk for AF. As smartphones
have become almost ubiquitous, they meet the criteria of ready
access and acceptance. In fact, although they cannot detect ar-
rhythmias, rudimentary smartphone-based pulse recorders are
already in use. In our study, we developed a smartphone appli-
cation to measure pulsatile time series and then use this data to
detect AF realtime. We have recently successfully demonstrated
that using a smartphone’s camera to image a finger tip pressed
to it will yield pulsatile signals that are similar to heart-rate
fluctuations [8]. In addition, the use of pulsatile signals from
smartphones has recently attracted the attention of many re-
searchers [8]–[11]. Note that the approach does not require the
need for additional hardware as the optical video monitoring
of the skin with a standard digital camera contains sufficient
information related to variability in the heart-rate signal, and it
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consequently provides accurate heart rate time series. The only
requirement is that the camera’s illumination and optical sensor
be within finger tip range of each other.

In this paper, we introduce the feasibility of AF detection
on an iPhone 4S. Specifically, we developed a comprehensive
iPhone application for collection of pulsatile time series fol-
lowed by real-time detection of AF using the following three
statistical methods: RMSSD, shannon entropy (ShE), and sam-
ple entropy (SampE). We evaluated the AF detection perfor-
mance with an iPhone 4S on 25 AF subjects undergoing electri-
cal cardioversion. The iPhone-based AF detection is innovative
because no one has yet been able to embed accurate, real-time
AF monitoring into a smartphone application. Further, our ap-
plication has the potential to be widely accepted and will lead
to better compliance by patients since it has the potential to
significantly reduce healthcare costs and enhance patient care
by accurately and rapidly establishing the diagnosis of AF in
at-risk groups, thereby providing clinicians with an opportunity
to better treat and prevent complications from these sometimes
life-threatening arrhythmias.

II. METHODS

A. AF Databases and Clinical Data Collection

To discriminate between AF and normal sinus rhythm (NSR)
using an iPhone, we used the MIT-BIH AF and MIT-BIH
NSR databases to derive threshold values of RMSSD, ShE, and
SampE. We down sampled the MIT-BIH AF and NSR RR time
series to 30 Hz to replicate the sampling resolution of an iPhone
4S. The MIT-BIH AF database is an ideal dataset to derive dis-
criminatory threshold values since it contains 25 ECG record-
ings containing a total of 299 AF episodes. Each ECG recording
is approximately 10 h in duration. The data sets 4936 and 5091
were excluded from our study due to incorrect AF annotations.
The MIT-BIH NSR database contains 18 ECG recordings, and
the duration of each ECG data is approximately 24 h. It consists
of 5 men, aged 26–45, and 13 women, aged 20–50.

For the iPhone 4S data collection, 25 patients with AF who
presented for electrical cardioversion to the University of Mas-
sachusetts Medical Center (UMMC) cardiac electrophysiology
laboratory were recruited by trained study personnel (McManus,
Mathias). Twenty men and five women with an average age of
57.95 ± 13.64 years were recruited. Data collection was per-
formed before and after electrical cardioversion. Our protocol
for data collection was approved by the Institutional Review
Boards of UMMC and Worcester Polytechnic Institute. The
camera of an iPhone 4S was placed on either the index or middle
finger of study participants for 2 min prior to, and immediately
after, cardioversion. Data were recorded in the supine position
(to minimize motion artifacts) with spontaneous breathing, with
the assistance of a physician. Patients who had essential tremor
or suffered involuntary movement disorders were very prone to
producing a distorted reading and were a challenge for accurate
data collection. In these instances, the iPhone 4S camera was
focused on the thenar eminence of the examined hand. Other
anatomic areas used to pick up the recordings were the anterior
medial leg and forearm. Fig. 1 shows an iPhone 4S prototype

Fig. 1. iPhone 4S prototype for AF detection.

for AF detection. Our AF and NSR detection for the iPhone
was based on threshold values of RMSSD, ShE, and SampE
derived from the MIT-BIH AF and MIT-BIH NSR databases,
respectively.

B. Preprocessing and Postprocessing

The iPhone App was developed using the Objective-C pro-
gramming language. For the pulsatile signal acquisition, the
iPhone 4S videos were recorded, and the signal was obtained by
averaging 50 × 50 pixels of the green band for every frame [8],
[11]. The sampling rate for iPhone 4s was 30 frames/s. How-
ever, in rare cases, the sampling rate was slightly lower (e.g.,
∼25 Hz due to internal processing load). Due to the frame rate
variability, we interpolated the pulsatile signal to 30 Hz using
a cubic spline algorithm followed by peak detection. The peak
detection algorithm incorporated a filter bank with variable cut-
off frequencies, spectral estimates of the heart rate, rank-order
nonlinear filters and decision logic [12]. The final result shows
either “NORMAL” or “AF DETECTED” based on statistical
algorithm values detailed in the following section.

C. Statistical Approach for AF Detection

The RMSSD is used to quantify beat-to-beat variability. Since
AF exhibits higher variability than NSR, the RMSSD is expected
to be higher than those of NSR RR time series. As subjects have
different mean heart rates, we normalize by dividing the RMSSD
by the mean value of the RR time series.

Fig. 2(a) shows a histogram of the normalized RMSSD val-
ues for AF and NSR (postcardioversion) from the iPhone 4S,
MIT-BIH AF and NSR segments. As previously noted, we down
sampled these MIT-BIH AF and NSR time series to 30 Hz, and
calculated the value of RMSSD/mean for each 64-beat seg-
ment. Each segment was then shifted by one beat for the entire
database. As shown in Fig. 2(a), the RMSSD/mean for AF (com-
bined MIT-BIH AF and iPhone AF) values are higher and nearly
distinct from those of NSR databases.

The second component of the AF detection algorithm isShE.
The ShE provides a quantitative measure of uncertainty for a
random variable. For example, a random white noise signal
is expected to have the highest ShE value due to maximum
uncertainty in predicting the patterns of the signal. Fig. 2(b)
shows a histogram of the ShE for AF (combined MIT-BIH AF
and iPhone AF) and NSR segments from the MIT-BIH NSR
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Fig. 2. Histogram of each statistical method according to AF and NSR. The
AF-included 479594 beats from MIT-BIH AF and 4623 beats from precardiover-
sion samples obtained using an iPhone 4S. The NSR values were comprised
of 650 008 beats from MIT-BIH AF database, 1 728 459 beats from MIT-BIH
sinus rhythm database, and 4435 beats from postcardioversion databse using
iPhone 4S. (a) RMSSD/mean values, (b) ShE values, and (c) SampE values.

and iPhone NSR databases. Similar to RMSSD, ShE values for
AF are higher than NSR, and a good separation between them
is observed.

The third component of the AF detection algorithm is the-
SampE. The SampE is the negative natural logarithm of an esti-
mate of the conditional probability that a subseries that matches
pointwise within a tolerance r also match at the next point, where
self-matches are not included in calculating the probability. A
high value of SampE indicates low similarity in the time series
while a low value of Sample entropy indicates high similarity.
Thus, the SampE is a useful tool to assess randomness of RR
time series. Fig. 2(c) shows a histogram of the SampE for AF
(combined MIT-BIH AF and iPhone AF) and NSR segments
from MIT-BIH AF and iPhone NSR databases. The SampE val-
ues are higher for AF than NSR, and similar to RMSSD and
ShE calculations, a good separation between AF and NSR is
observed.

D. Performance Evaluation

The condition for AF detection is based on each threshold
value of THRm , THSE , and THSA : RMSSD/mean ≥ THRm ,
ShE ≥ THSE , or/and SampE ≥ THSA . For each parameter set,
we found the number of true positives (TP), true negatives (TN),
false positives (FP), and false negative (FN) from the MIT-BIH
AF and NSR databases. Subsequently, we calculated the sen-
sitivity TP/(TP+FN), specificity TN/(TN+FP), and accuracy
(TP+TN)/(TP+TN+FP+FN). For each statistical method, we
found the threshold values providing the largest area under the
receiver operating characterstics curve in the MIT-BIH AF and
NSR databases. After finding each threshold value, we applied
the same value to the iPhone 4S data. In addition, statistical

TABLE I
BEAT-BY-BEAT ANALYSIS OF SENSITIVITY, SPECIFICITY, AND ACCURACY

BASED ON EACH STATISTICAL METHOD ON MIT-BIH AF & NSR, 25 AF
SUBJECTS PRE- AND POSTELECTRICAL CARDIOVERSION

testing using an ANOVA on ranks was done to see if there were
significant differences among each dataset.

III. RESULTS

For each statistical method examined using the MIT-BIF AF
and NSR databases, we found the threshold values of THRm
= 0.130, THSE = 0.76, and THSA = 1.3, which provided the
beat-by-beat accuracy values of 0.9405, 0.9300, and 0.9614,
for RMSSD, ShE, and SampE, respectively. We applied the
parameters above to the iPhone 4s database. For subjects in
AF, we found that the beat-by-beat accuracy for each algorithm
was 0.9844, 0.8494, and 0.9552, for RMSSD, ShE, and SampE,
respectively. Table I summarizes overall sensitivity, specificity,
and accuracy for each algorithm by database. In addition, when
all three methods are combined, the iPhone 4S data show 0.9951
accuracy with THRm = 0.115, THSE = 0.55, and THSA = 0.76.
For clinical applications, the relevant objective is to detect the
presence of AF episodes from a given dataset. With this criterion,
the AF and NSR detection accuracy was 100%. Fig. 3 shows
statistical value distribution of (a) RMSSD/mean, (b) ShE, and
(c) SampE for NSR RR time series segments (scaled to 30 Hz)
from MIT-BIH AF, MIT-BIH AF (scaled to 30 Hz), NSR RR
time series segments (scaled to 30 Hz) from MIT-BIH NSR
database, and AF subjects pre- and postcardioversion using an
iPhone 4S. We found that the statistical value distributions of
MIT-BIH AF and NSR databases overlapped with the iPhone
4S AF and NSR data. Further, we found statistically significant
differences (p < 0.01) between iPhone AF versus iPhone NSR,
iPhone AF versus NSR in MIT-BIH AF, iPhone AF versus NSR
in MIT in NSR, iPhone NSR versus AF in MIT-BIH AF, AF in
MIT-BIH AF versus NSR in MIT-BIH AF and AF in MIT-BIH
AF versus NSR in MIT-BIH NSR.

We also examined the AF detection performance across dif-
ferent ranges of pulse rates. We classified the pulse rates during
AF into four ranges: less than 60, 60–90, 90–120, and greater
than 120 beats per min. Fig. 4(a) and (b) shows the distribution
of AF pulse rate for the MIT-BIH AF database and precar-
dioversion iPhone database, respectively. When the iPhone AF
pulse rates were between 90 and120, both Shannon and sample
entropy resulted in degradation of their AF detection perfor-
mance; RMSSD was consistently accurate for both databases
and all ranges of AF pulse rates.
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Fig. 3. Distribution of statistical values on each different dataset. Comparison
of each statistical value of (a) RMSSD/mean, (b) Shannon entropy, (c) sample
entropy according to each different database; pre- and postcardioversion with
iphone 4 (n = 25 with 4623 and 4435 beats, respectively), AF and NSR in
MIT-BIH AF database (n = 23 with 479 594 and 650 008 beats, respectively),
NSR in MIT-BIH NSR database (n = 18 with 1 728 459 beats).

Fig. 4. Distribution of AF pulse rates for (a) MIT-BIH AF database and
(b) precardioversion iPhone database.

IV. DISCUSSION AND CONCLUSION

In this paper, we show that AF can be accurately detected
from pulsatile signals in the human fingertip using the camera
of an iPhone 4S.

The computation time including the processing stage was ap-
proximately 25 ms for each 64-beat segment on the iPhone 4S,
thus the AF prototype is real-time realizable. Currently, clini-
cal AF monitoring is cumbersome and/or expensive. Given the
high prevalence of diagnosed paroxysmal and asymptomatic
AF, as well as the increasing number of individuals at risk
for this potentially life-threatening arrhythmia, better and more
readily available AF detection technology is needed. Given
the ever-growing popularity of cell phones and smartphones,
a smartphone-based AF detection application provides patients
and their caregivers with access to an inexpensive and easy-

to-use monitor for AF outside of the traditional health care
establishment. Because the application does not involve a sep-
arate ECG sensor and instead employs built-in hardware, it is
both novel and cost effective. We believe this package will lead
to better acceptance and more widespread use than existing
out-of-hospital arrhythmia monitors. Further data are needed to
explore the acceptability and feasibility of smartphone-based
AF detection applications in older, at-risk populations. One no-
table limitation of our approach is that strong finger pressure on
the camera lens degrades the pulse quality. A simple remedy is
to instruct a subject to make only light contact with the camera
lens. We found that motion and noise artifacts were not a huge
problem as long as the subject had consistent and light contact
with the camera lens during recording.
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