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Abstract—We hypothesize that our smartphone-based arrhyth-
mia discrimination algorithm with data acquisition approach re-
liably differentiates between normal sinus rhythm (NSR), atrial
fibrillation (AF), premature ventricular contractions (PVCs) and
premature atrial contraction (PACs) in a diverse group of patients
having these common arrhythmias. We combine root mean square
of successive RR differences and Shannon entropy with Poincare
plot (or turning point ratio method) and pulse rise and fall times to
increase the sensitivity of AF discrimination and add new capabil-
ities of PVC and PAC identification. To investigate the capability
of the smartphone-based algorithm for arrhythmia discrimination,
99 subjects, including 88 study participants with AF at baseline and
in NSR after electrical cardioversion, as well as seven participants
with PACs and four with PVCs were recruited. Using a smart-
phone, we collected 2-min pulsatile time series from each recruited
subject. This clinical application results show that the proposed
method detects NSR with specificity of 0.9886, and discriminates
PVCs and PACs from AF with sensitivities of 0.9684 and 0.9783,
respectively.

Index Terms—Arrhythmia, atrial fibrillation, Poincare plot, pre-
mature atrial contraction, premature ventricular contraction, root
mean square of successive RR differences (RMSSD), Shannon en-
tropy, turning point ratio.

I. INTRODUCTION

A TRIAL fibrillation (AF) is the most common sustained
arrhythmia. Over 5.2 million Americans have been diag-

nosed with AF, and the prevalence of AF is increasing concomi-
tant with the aging of the U.S. population [1]–[3]. AF exerts
a significant negative impact on the longevity and quality of
life of a growing number of Americans, predominantly through
its association with increased risk for heart failure and stroke.
Effective AF treatments reduce risk for complications from AF.
A major challenge facing clinicians and researchers is the early
detection of AF, because particularly in its early stages, AF
can be intermittent and asymptomatic [4]. While the population
with undiagnosed AF is substantial [5], studies have shown that
more intensive cardiac monitoring can improve AF detection
and enable timelier institution of treatment [6]. Automated AF
detection algorithms offer real-time realizable AF detection but
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often suffer from the fact that common benign causes of rhythm
irregularity, most notably premature atrial (PAC) and ventricular
(PVC) contractions, can cause false positive AF detection [7],
[8]. There is a pressing need to develop a continuous arrhythmia
monitoring device that can accurately and reproducibly distin-
guish between AF, NSR, and premature beats (PACs and PVCs)
in order to improve patients’ cardiovascular health and reduce
the costs associated with treating AF [9].

A mobile cardiac monitoring device that is readily accessible,
inexpensive, and simple to operate is needed to enhance rhythm
monitoring. As smartphones have become prevalent, they meet
the criteria of ready access and acceptance by the general public
for monitoring their health [10]. Moreover, the use of pulsatile
signals from smartphones has recently attracted the attentions
of many researchers [8], [11], [12]. In prior studies, we have
demonstrated that a smartphone camera recording of a fingertip
yields pulsatile signals that are similar to heart-rate fluctuations.
One of the major advantages of our approach is that it does
not require extra hardware. The optical video monitoring of the
skin with the standard digital camera embedded in smartphones
is sufficient to extract information related to the variability in
heart rate signal. We tested our smartphone-based AF detection
application in 76 individuals with AF undergoing cardiover-
sion and showed that it was able to distinguish between AF
(precardioversion) and NSR (postcardioversion) with 96% ac-
curacy [11]. However, in pilot study, we discovered that PACs
and PVCs resulted in false positive AF detection.

Premature atrial contractions occur when an ectopic focus
originating in the atrium leads to premature activation of the
atria prior to typical sinoatrial node activation [13] whereas a
PVC occurs when a similar process occurs in the ventricle [14].
PACs and PVCs can cause symptoms similar to AF, e.g., the
sensation of an irregular pulse or having skipped beats. In con-
tradistinction to AF, the clinical course of patients with PACs or
PVCs is typically benign [15]. PACs and PVCs commonly occur
in patterns, e.g., occurring every second, third, or fourth beat,
termed bigeminy, trigeminy, and quadrigeminy. There are PAC
and PVC discrimination algorithms that have been developed
to distinguish these benign arrhythmias from AF, but such al-
gorithms require an electrocardiographic signal [16], [17]. One
limitation of existing approaches is that many templates of PAC
and PVC waveforms need to be stored in memory since the
approach is based on template matching. More importantly, this
approach is only suited for ECG signals, not for pulsatile sig-
nals, such as those obtained from camera-enabled smartphones.
Pulsatile signals have different characteristics and lower time
resolution compared to ECG signals. Hence, there is a need to
develop a new arrhythmia discrimination algorithm for a smart-
phone, which can differentiate between NSR, AF, PACs and
PVCs.
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In this paper, we propose a real-time comprehensive accurate
arrhythmia discrimination algorithm for iPhone 4S/5S, which
can discriminate between NSR, AF, PACs and PVCs using pul-
satile time series collected from a smartphone’s camera. To
increase the sensitivity of AF detection and add the new ca-
pabilities of PVC and PAC identification, our arrhythmia dis-
crimination algorithm combines root mean square of successive
RR differences (RMSSD), Shannon entropy (ShE) and turning
point ratio (TPR), used in the previous AF detection algorithms,
with the Poincare plot, and utilizes the features of pulse am-
plitude, and rise and fall times for arrhythmia discrimination.
The RMSSD, ShE, Poincare plot and pulse amplitude, and rise
and fall time features have been widely used in analyzing heart
rhythms [18]–[27] while the TPR was proposed to be applied to
heart rhythm analysis [28]. Here, we modified the conventional
Poincare plot (or TPR) to discriminate bigeminy, trigeminy and
quadrigeminy patterns of PACs or PVCs as well as detect PAC or
PVC rhythms themselves among non-NSR subjects. Moreover,
the use of pulse amplitude, and rise and fall times is especially
well-suited for differentiating between the PAC and PVC. In this
study, we evaluate our arrhythmia discrimination algorithms’
performance with data from patients with NSR, AF, PACs and
PVCs who were recruited after consenting for our study and a
clinically indicated electrical cardioversion at the University of
Massachusetts Medical Center (UMMC). The main contribu-
tions of this paper is summarized as follows:

1) Smartphone-Based Pulsatile Time Series Analysis: We
analyze NSR, AF, PAC and PVC pulsatile time series ob-
tained from smartphones to characterize their features. We
consider: a) pulse amplitude/times and b) their RMSSD,
ShE and TPR values, and c) Poincare plot. A paired t-test
is performed to verify significant differences between the
features of NSR, AF, PAC and PVC.

2) PAC or PVC and its Pattern Discrimination: Using
Poincare plot or TPR, we discriminate PAC or PVC
and its patterns, e.g., bigeminy, trigeminy, quadrigeminy,
among non-NSR subjects which are classified from NSR
by RMSSD and ShE. We begin by characterizing Poincare
plot trajectory or TPR statistics of each specific PAC or
PVC pattern. Here, the characterization is based on ob-
servation of pulsatile time series from smartphones. We
then evaluate the performance of Poincare plot and TPR
methods in terms of PVC/PAC classification accuracy.

3) PAC and PVC Differentiation: We derive pulse amplitude,
and rise and fall times near PAC and PVC episodes to
estimate if they have complete compensatory pause or
not. This pulse amplitude/time are used to differentiate
between PAC and PVC episodes.

II. MATERIALS AND METHODS

A. NSR, AF, PVC, and PAC Databases and Clinical
Data Collection

For the iPhone data collection, 88 subjects with recordings
were obtained before and after cardioversion, as well as seven
with PACs and four with PVCs were recruited at UMMC.
Our data collection protocol was approved by the Institutional

Fig. 1. Smart phone application for data recording (the application uses
the camera lens and illumination to acquire information about heart rate and
rhythm).

Review Boards of UMMC and Worcester Polytechnic Institute
(H#14490 and #14-261). The subjects all gave their informed
consent. Participants were instructed to place their first (index)
or second (middle) finger on a standard smart phone camera
with the flash turned on (the flash will be automatically invoked
by the application software) for 2 min. Data were recorded with
participants in a supine position with spontaneous breathing.
Fig. 1 shows a current prototype of arrhythmia discrimination
application for iPhone 4S.

B. Preprocessing

Videos of their fingertip blood flow intensity were taken with
640 × 480 pixel resolution at a sampling rate of 30 frames per
second and processed in real time. Only the green band from the
RGB video was used as our recent results indicate this gives the
best signal fidelity [29]. An average is made of the intensity val-
ues of the upper 320 × 480 pixels in each frame, i.e., the upper
half of the fingertip on the green video signal, as our systematic
analysis showed this region provided the best signal quality.
Once the clean green signals are identified, pulse beat-to-beat
detection from the green signals was performed incorporating
interpolation, sudden dc change elimination, two stages of band
pass filter, derivative rank filter and matching of original peaks.
Specifically, the sudden dc change elimination is performed by
removing differential changes larger than a predefined threshold
value while the filters are designed to remove the high frequency
noise and the dc component.

C. Arrhythmia Discrimination

Fig. 2(a)–(c) shows three cases of peak-to-peak interval (PPI)
sequences of 60 beat-to-beat segments with ten, six, and three
PAC quadrigeminy patterns, respectively. The previous algo-
rithm [11] which is based on RMSSD and ShE classifies 60
beat-to-beat segments with at least four PAC patterns to be AF
[see Fig. 2(a) and (b)] while classifying those with less than
four PAC patterns to be NSR [see Fig. 2(c)]. Our algorithm
includes PAC and PVC discrimination capability which will
further improve AF detection accuracy. The proposed arrhyth-
mia discrimination algorithm is detailed in our flowchart, which
is shown in Fig. 3.

1) Feature Extraction: Our discrimination algorithm ex-
tracts features of the PPI signal, e.g., PPI and trough-to-trough
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Fig. 2. Three PPI secquences extracted from 60 beat-to-beat segments.
Threshold values are RMSSD/meanth = 0.115 and ShEth = 0.55 [11]. (a)
10 PACs (RMSSD/mean = 0.3758, ShE = 0.4451), (b) 6 PACs (RMSSD/mean
= 0.2652, ShE = 0.4345), (c) 3 PACs (RMSSD/mean = 0.0997, ShE = 0.4438).

interval (TTI), rise time (DRISE ) and fall time (DFALL ) from
the measured pulsatile time series. As shown in Fig. 4, the PPI
is calculated by the difference between two successive peak
times, TPEAK ,n − TPEAK ,n−1 , and TTI is obtained by the dif-
ference between two successive trough times, TTROUGH ,n −
TTROUGH ,n−1 . DRISE is defined by the difference between the
peak and the trough of the nth pulse, TPEAK ,n − TTROUGH ,n

while DFALL is the difference between the trough of the nth

pulse and the peak of the n – 1th pulse and, TTROUGH ,n −
TPEAK ,n−1 . Similarly, ARISE is YPEAK ,n − YTROUGH ,n while
AFALL is YPEAK ,n−1 − YTROUGH ,n .

2) NSR Discrimination From AF, PAC and PVC Subjects
Using RMSSD and ShE: We first derive the RMSSD and ShE
from the PPI. The RMSSD is to measure the variability in a time
series sequence and is calculated as follows:

RMSSD(ai, . . . , ai+L−1) =

√
√
√
√

1
L

L−1∑

j=0

{ai+j − ai+j−1}2 .

(1)
The RMSSD of NSR is expected to be small compared to

those of AF, PAC and PVC.
The ShE is to quantify the regularity of pattern in a time series

and ShE on the time series ai, . . . , ai+L−1 is derived as

ShE(ai, . . . , ai+L−1)

= −
NB IN∑

k=1

p(ai, . . . , ai+L−1 , k) log p(ai, . . . , ai+L−1 , k)
log (1/NBIN)

(2)

where NBIN denotes the number of bins, of which each has lower
(BLOW ,k ) and upper (BUP ,k ) bin boundaries for k ∈ {1, NBIN}
and p(ai, . . . , ai+L−1 , k) is expressed as

p(ai, . . . , ai+L−1 , k) =
L−1∑

j=0

U(ai+j , k)/(L − Noutliers)

for U (ai+j , k) =
{

1, BLOW ,k < ai+j < BUP ,k

0, otherwise.

The ShE of NSR is expected to be small compared to those
of AF, PAC and PVC. The TPR is to measure a degree of
independence in a time-series. A turning point (TP) is usually
defined as a point having larger or smaller value than two nearest
neighbor points [4]. The TPRs of NSR and AF are expected to
be within a range since they are from random PPIs while those
of PAC and PVC are expected to be out of the range due to their
regularities.

Our algorithm compares the RMSSD, ShE and TPR of PPI to
their corresponding thresholds, respectively. If they are less than
their thresholds, the pulsatile time series is classified as NSR
without PAC or PVC (see the first condition in the flowchart in
Fig. 3). Otherwise, the algorithm goes to next step and checks
if the pulsatile time series is AF, PAC, or PVC.

3) PAC or PVC Discrimination From Non-NSR Subjects Us-
ing Poincare Plot or TPR: Our discrimination algorithm uses
Poincare plot or TPR to determine if the non-NSR subject
has PAC or PVC interspersed with NSR. Moreover, the algo-
rithm gives information of PAC or PVC patterns, e.g., bigeminy,
trigeminy, and quadrigeminy.

a) Poincare plot: Shown at the bottom panel of Fig. 5 is
an iPhone recording of a PAC subject and the top panel repre-
sents its corresponding ECG data. When a PAC episode occurs
as noted by an arrow on the top panel of Fig. 5, the rising phase
of iPhone’s PPI recording is markedly prolonged. Hence, taking
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Fig. 3. Flowchart of NSR, AF, PVC, PAC detection and discrimination procedure.

Fig. 4. Feature extraction of smartphone pulsatile time series. PPI and TTI
are used to discriminate between AF, PAC, PVC and NSR as well as identify
specific patterns (bigeminy, trigeminy, and quadrigeminy) of PAC or PVC.
DRISE , DFALL , ARISE , and AFALL are for differentiating between PAC and
PVC.

Fig. 5. Comparison of ECG RR intervals to pulse intervals obtained from
an iPhone in a PAC episode (a premature atrial contraction results in a longer
duration pulse interval and larger amplitude pulse beat when compared to a
normal pulse beat).

Fig. 6. Poincare plot divided into six regions. AF, NSR, PVC and PAC rhythms
will have different trajectory patterns and they may be confined to only a single
region or multiple regions.

the difference between the iPhone peak times of a normal beat
and a PAC beat following another normal beat (ΔPPI), a “long”
pulse interval is obtained (noted by “Long” at the bottom panel).
The difference between two consecutive normal pulse beats is
termed the “short” pulse interval. The occurrences of PAC or
PVC episode at every second, third and fourth pulse beat are
known as bigeminy, trigeminy and quadrigeminy, respectively.
We adopt a Poincare plot, which is widely used to quantify the
similarity in time series xi for i = 2, . . . , N [30] by drawing
a 2-D plot (xi−1 , xi), to characterize ΔPPI dynamics and to
discriminate PAC or PVC episodes from those of AF and NSR.
To facilitate the discrimination among bigeminy, trigeminy and
quadrigeminy patterns of the PAC and PVC, the Poincare plot
was divided into six regions as shown in Fig. 6. The six regions
represent permutations of all possible sequences of “long” and
“short” based on three consecutive pulse intervals which are
derived from four consecutive pulse beats as detailed in Table I.
The region boundary was set optimally based on experiment
results. The Poincare plot trajectory patterns of NSR, AF, PAC
and PVC are respectively detailed in Table II. Moreover, the
PAC and PVC are further classified into bigeminy, trigeminy,
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TABLE I
POINCARE PLOT SECTORS CORRESPONDING TO PAC OR PVC PATTERNS

WHICH CONSIST OF BIGEMINY, TRIGEMINY AND QUADRIGEMINY

PPIi−2 - PPIi−1 - PPIi Region IDi

Short-Short-Long 1
Short-Long-Short 2
Long-Short-Short 3
Short-Short-Short 0
Long-Long-Long 0
Long-Long-Short 4
Short-Long-Long 5
Long-Short-Long 6

TABLE II
ARRHYTHMIA WITH ITS CORRESPONDING TRAJECTORY PATTERN

IN POINCARE PLOT

Type of Arrhythmia Trajectory Patterns in the Poincare plot’s six regions
(ΔPPIi−3 − ΔPPIi−2 − · · · − ΔPPIi + 2 − . . .)

(ΔPIi−1 , ΔPIi )

Premature Atrial
Contraction (PAC)
Bigeminy 0–0–0–0–0–0- . . .
Trigeminy 2–4–2–4–2–4- . . .
Quadrigeminy 1–2–3–1–2–3- . . .
Premature Ventricular
Contraction (PVC)
Bigeminy 0–0–0–0–0–0- . . .
Trigeminy 2–4–2–4–2–4- . . .
Quadrigeminy 1–2–3–1–2–3- . . .
Normal Sinus
Rhythm (NSR) 0–0–0–0–0–0- . . .
Atrial Fibrillation (AF) irregular patterns with trajectories at all six

possible regions

and quadrageminy patterns. Note that the trajectory pattern
associated with NSR is expected to be “0–0–0–0–0–0- . . . ”
while AF is irregular at all six possible regions. Moreover, the
various combinations of trigeminy and quadrigeminy associated
with the PAC or PVC are distinct from either the NSR or AF.
Combinations of PAC and PVC patterns have more orderly pat-
terns (since the phase trajectory patterns will largely be confined
to regions 0, 1, 2, 3 and 4) than the random trajectory patterns
associated with AF (trajectory patterns are evident in all regions
of the Poincare plot). For bigeminy rhythm, the difference be-
tween NSR and PAC or PVC bigeminy is that the bigeminy has
larger PPI value than NSR. Hence, the PAC or PVC bigeminy
can be appropriately discriminated by the mean and variance.

b) TPR: To apply TPR in discriminating PACs or PVCs,
we redefine a TP as a point where a specific pattern starts, e.g.,
bigeminy, trigeminy and quadrigeminy patterns. If an unknown
time series has similar number of TP (or TPR), related to a spe-
cific pattern, to that of an independent time series, the unknown
series is expected to be independent. Otherwise, the time series
is expected to be dependent.

To detect a quadrigeminy, we define TPQUAD as a starting
point of “Short–Short–Long–Short–Short–Long–Short–Short
(SSLSSLSS)” in a PPI sequence. Considering an indepen-
dent time sequence Xi Xi

, the probability of a point being

Fig. 7. TPR of independent and dependent processes. (a) Independent process-
random (TPR = 0.0), (b) dependent process-PAC-quadrigeminy (TPR = 0.125).

quadrigeminy TP is given by

Pr{Xi−2 < Xi,Xi−1 < Xi,Xi > Xi+1 ,Xi > Xi+2 ,Xi+3

> Xi+1 ,Xi+3 > Xi+2 ,Xi+3 > Xi+4 ,Xi+3 > Xi+5}

=
∫ ∞

x=−∞
Pr{x > Xi−1}Pr{x > Xi−2}Pr{x > Xi+1 , x

> Xi+2 ,Xi+1 < Xi+3 ,Xi+2 < Xi+3 ,Xi+4 < Xi+3 ,Xi+5

< Xi+3}f(x)dx

=
∫ ∞

x=−∞

{
1
3
F (x)4 − F (x)7

30

}

f(x)dx =
1
16

.

Using the stochastic theory, the expectation μTP ,quad and
standard deviation σTP ,quad of the number of quadrigeminy
TPs in a segment � are given by

μTP ,QUAD =
� − 7
16

, σTP ,QUAD ≈
√

0.0601� − 0.4255.

For example, an independent pulsatile time series with l = 45
has μTP ,QUADand σTP ,QUADof 1.435 and 1.1737, respectively.
A pulsatile time series segment is considered independent if the
number of TPs (or TPR) falls within some threshold confidence
interval TpThresh (or TprThresh) of the expected TP (or TPR).
Otherwise, a pulsatile time series segment is considered to be
dependent. For example, the TPR method determines Fig. 7(a)
and (b) to be nonquadrigeminy and quadrigeminy, respectively.

For trigeminy, we defined the TPTRI as a starting point where
“Short–Long–Short–Long–Short (SLSLS)” PPI pattern begins.
Hence, the probability of being TPTRI is similarly given by

Pr{Xi−1 < Xi > Xi+1 < Xi+2 > Xi+3}

=
∫ ∞

−∞
Pr{Xi−1 < x}Pr{x > Xi+1 < Xi+2 > Xi+3}

f(x)dx

=
∫ ∞

−∞
(
F (x)2

2
− F (x)4

6
)f(x)dx =

2
15

.

The μTP ,TRI and σTP ,TRI are given by

μTP ,TRI =
2 (� − 4)

15
, σTP ,TRI ≈

√
0.0826� − 0.2527.

For bigeminy, TPs are defined as a starting point where
“Long–Long (LL)” PPI pattern starts. PAC or PVC bigeminy is
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Fig. 8. Heart rhythm timing diagrams of representative (a) PAC and (b) PVC
subjects. PAC and PVC episodes are interspersed with NSR episodes. (a) Incom-
plete compensatory pause is occurred between the PAC episode and the fourth
NSR espisode, and (b) complete compensatory pause is occurred between the
PVC episode and the fourth NSR episode.

appropriately discriminated by the mean and variance than TPR
since the TPR of PAC or PVC is expected to be similar to that
of NSR.

4) Differentiation Between PVC and PAC Using Pulse Rise
and Fall Times: The PVC and PAC have similar Poincare plot
trajectories and TPR values for the same pattern type (bigeminy,
trigeminy, and quadrigeminy). To discriminate between PAC
and PVC, our arrhythmia discrimination algorithm utilizes the
physiological difference between PAC and PVC explained in
the followings.

A PAC is an abnormal beat initiated in the atria before sinoa-
trial (SA) node triggers and the PAC usually interrupts the SA
node and resets its timing. Hence, the PAC mostly generates a
QRS complex similar to the NSR episode. Moreover, the NSR
episode following a PAC usually occurs at time rescheduled
by the PAC (called incomplete compensatory pause) as shown
in Fig. 8(a). On the other hand, a PVC is a beat initiated in
the ventricle before atrioventricular node triggers and the PVC
does not usually interrupt the SA node. Hence, the NSR episode
following a PVC usually occurs at previously scheduled time
by SA node (called complete compensatory pause) as shown in
Fig. 8(b). Moreover, the PVC usually generates a wider QRS
complex compared to that of an NSR episode.

The completeness and incompleteness are distinguished by
the rise and fall times of the pulse signals. PAC episodes are usu-
ally expected to have similar rise and fall times similar to those
of NSRs while PVC episodes have different fall times compared
to those of NSRs. We define the difference (ΔDRISE ) between
the rise times of current and previous beats, i.e., ΔDRISE ,n =
DRISE ,n − DRISE ,n−1 . Similarly, we define the difference be-
tween the fall times as ΔDFALL,n = DFALL,n − DFALL,n−1 .
For the ectopic quadrigeminy beat of n, we derive the rise
and fall time differences between ectopic beat and a normal
beat following the ectopic beat which are ΔDRISE ,n+2 and
ΔDFALL,n+2 , respectively. If ΔDRISE ,n+2 and ΔDFALL,n+2

Fig. 9. Comparision of statistical values (RMSSD, ShE and TPR) between
NSR, AF, and PAC or PVC. The central mark on each box corresponds to the
median; the edges of the box correspond to the 25th and 75th percentiles, the
whiskers extend to the most extreme data points not considered outliers, and
outliers are plotted individually.

are within ΔDRISE ,th−quad and ΔDFALL,th−quad , the ectopic
beat is determined to be a PAC. Otherwise, it is considered
as a PVC. For trigeminy beat of n, we utilize the differ-
ences between peak times between a normal before an ec-
topic beat and another normal beat after the ectopic beat, i.e.,
ΔPPIn+1 = PPIn+1 − PPIn . If the difference is less than
ΔPPIth−tri , the ectopic beat is determined to be a PVC. Other-
wise, the beat is considered as a PAC.

III. RESULTS

We evaluated the performance of the arrhythmia discrimina-
tion algorithm with iPhone’s pulsatile time series data. 2 min
pulsatile time series is collected from each subject. We compared
our new algorithm to the previous arrhythmia discrimination al-
gorithms, which are based on RMSSD and ShE. As performance
metrics, we considered classification accuracy, sensitivity and
specificity.

A. Detection of NSR

Fig. 9 compares the RMSSD (left), ShE (middle) and TPR
(right) values of NSR, AF, PAC, and PVC subjects. We per-
formed paired t-test to determine if there are significant RMSSD
differences between NSR, AF, PAC, and PVC. The p-values be-
tween NSR and each arrhythmia indicate that RMSSD values
are significantly different (p < 0.05 at 95% CI) between NSR
and each of other arrhythmias. However, RMSSD differences
between AF and PAC or PVC are not significant. Similarly,
ShE and TPR values of NSR, AF, PAC, and PVC subjects are
also found significantly different between NSR and each of ar-
rhythmia, respectively. Based on this observation, we applied
RMSSD, ShE and TPR thresholds to classifying NSR subjects
from others rhythms. The optimal RMSSD and ShE threshold
values are derived as 0.09275, 0.3800 and 0.3600, respectively.
As a result, the proposed method detects NSR with accuracy
of 0.9626 which is higher than accuracy of 0.9577 from the
conventional algorithm based on a combination of RMSSD and
ShE [11].
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Fig. 10. Poincare plot with (ΔPPIi−1 , ΔPPIi ) trajectory for PAC or PVC
and its pattern detections. (a) NSR, (b) AF, (c) PAC-quadrigeminy, and
(d) PVC-trigeminy.

B. PAC or PVC Discrimination Among Non-NSR Subjects:
Poincare Plot Versus TPR

1) Poincare Plot: The Poincare pattern for NSR is largely
confined within the region “0” as shown in Fig. 10(a) while
the Poincare patterns of AF are random and their trajectories
cross all six regions as shown in Fig. 10(b). For both PVC and
PAC’s quadrigeminy, the Poincare plot shows repeating triangle
patterns spanning the regions 1, 2 and 3, as shown in Fig. 10(c)
as expected in Table II. On the other hand, the trigeminy of the
PVC in Fig. 10(d) shows repeating patterns spanning the regions
2 and 4 as described in Table II.

Fig. 11 shows Poincare plots of PAC, PVC and AF subjects
before (left) and after (right) removing patterns. For the Poincare
plots of PAC and PVC subjects after removing patterns, it is
similar to NSR as shown in Fig. 11(b) and (d). On the other
hand, the Poincare plot of AF after removing patterns remains
similar [see Fig. 11(f)] to that before removing patterns [see
Fig. 11(e)].

2) TPR: The TPRTRI and TPRQUAD of NSR are below
μTPRT R I ± σTPRT R I and μTPRQ U A D ± σTPRQ U A D boundaries,
respectively, as shown in Fig. 12(a) and (b). For AF, the
TPRTRI and TPRQUAD cross their corresponding bound-
aries but are within the ranges for 50% of the entire time as
shown in Fig. 12(c) and (d). Interestingly, the TPRTRI of
PVC-trigeminy is larger than its corresponding upper bound,
μTPRT R I + σTPRT R I , for 50% of the time as shown in Fig. 12(e)
while the TPRQUAD of PAC-quadrigeminy is much larger
than μTPRQ U A D + σTPRQ U A D for most of the time as shown in
Fig. 12(h). However, both the TPRTRI of PAC-quadrigeminy
and TPRQUAD of PVC-trigeminy are mostly confined to be

Fig. 11. Poincare plot with (ΔPPIi−1 , ΔPPIi ) trajectory before (right) and
after (left) removing patterns. (a) PAC-before, (b) PAC-after, (c) PVC-before,
(d) PVC-after, (e) AF-before, and (f) AF-after.

lower than μTPRT R I + σTPRT R I and μTPRQ U A D + σTPRQ U A D ,
respectively, as shown in Fig. 12(f) and (g). The Poincare plot
and TPR methods discriminates PVCs or PACs from non-NSR
with sensitivities of 1.0000 and 0.7273, respectively.

C. Differentiation Between PAC and PVC Based on Complete
and Incomplete Compensatory Pauses

Representative PAC and PVC recordings are shown in Fig. 13.
From these PAC and PVC recordings, rise and fall amplitudes
(ARISE , AFALL ) and their durations (DRISE , DFALL ) near PAC
or PVC episode are calculated. Fig. 14 compares ΔDRISE ,n+2 ,
ΔDFALL,n+2 , and ΔPPI,n+1 of seven PACs (left) to those
of four PVCs (right). Note the clear difference in the rise and
fall time ratios between PAC and PVC. The paired-t test was
performed to determine if there is a significant difference in
the rise and fall time ratios between PAC and PVC subjects.
Based on the our observation of measurement data, we set the
thresholds ΔDRISE ,th−quad , ΔDFALL,th−quad , ΔPPIth−tri to
be 0.0667, 0.0667 and 0.0334 s, respectively. The proposed
discrimination algorithm discriminates PAC from PVC subjects
with accuracy of 1.000.

D. Multiclass Classification Accuracy: NSR, AF, PAC,
and PVC

The test characteristics of our multiclass arrhythmia discrim-
ination algorithm are shown in Table III. We describe the sensi-
tivity, specificity, and accuracy values of the algorithm running
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Fig. 12. TPRTRI (left) and TPRQUAD (right) of arrhythmia pulsatile time series (N = 30, 0.13, 0.04). (a) NSR (TPRTRI ), (b) NSR (TPRQUAD ),
(c) AF (TPRTRI ), (d) AF (TPRQUAD ), (e) PVC-trigeminy (TPRTRI ), (f) PVC-trigeminy (TPRQUAD ), (g) PAC-quadrigeminy (TPRTRI ), and (h) PAC-
qudarigeminy (TPRQUAD ).
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Fig. 13. Representative smartphone data for (a) PAC and (b) PVC.

Fig. 14. Comparision of ΔDRISE , ΔDFALL and ΔPPI between PAC and
PVC for (a) quadrigeminy (p < 0.05 at 95% CI) and (b) trigeminy (p < 0.05 at
95% CI).

TABLE III
TEST CHARACTERISTICS OF PVC AND PAC DETECTION AND DISCRIMINATION

USING STATISTICAL METHODS∗ ON A SAMPLE OF 99 SUBJECTS’ DATA

RECORDED USING IPHONE 4S (88 SUBJECTS WITH AF (PRECARDIOVERSION)
AND NSR (POSTCARDIOVERSION), SEVEN SUBJECTS WITH PAC AND FOUR

SUBJECTS

WITH PVC)

Algorithm PVC PAC

Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

1.0000 0.9684 0.9840 1.0000 0.9783 0.9893

∗Test characteristics of PVC/PAC detection statistical methods established using the
threshold values of RMSDD = 0.1093, Shannon entropy = 0.4890, Poincare plot = 0.2.

on an iPhone 4S in 88 participants with AF (precardioversion)
and NSR (postcardioversion) who were recruited at the UMMC.
For PVC and PAC identification, our results are based on seven
subjects from UMMC with PACs and four subjects with PVCs.
As shown in Table IV, when we combine our AF detection al-
gorithms (RMSSD and ShE) with the Poincare plot and pulse
rise and fall times, the accuracy of detection of PVCs and PACs
is 100% and discrimination of these rhythms is nearly 98%.

IV. DISCUSSION AND CONCLUSION

Accurate real-time arrhythmia discrimination using smart-
phones has been elusive to date. Given that paroxysmal and
asymptomatic AF is a growing clinical and public health prob-
lem, better, cheaper, and more readily available AF detection
technology is needed. In this paper, we have shown that subjects
with AF, PVCs and PACs can be accurately distinguished from
each other, and one another, using pulsatile signals obtained
from the human fingertip using the camera of an iPhone 4s.
Our proposed arrhythmia discrimination algorithm for smart-

phone was designed based on five parameters: 1) RMSSD,
2) ShE, 3) Poincare plot, 4) TPR, and 5) pulse amplitude, and
rise and fall times. We evaluated our arrhythmia algorithm with
iPhone pulsatile time series and the results demonstrated that
our proposed algorithm has offered high classification accu-
racy, sensitivity, and specificity. The paired t-test has shown that
there is a significant difference, in terms of RMSSD, ShE, TPR,
pulse amplitude, and rise and fall time values, between NSR,
AF, PAC and PVC. Moreover, our algorithm has an advantage
in that it is able to discriminate with a near pinpoint accuracy
when PAC and PVC episodes start and end. The potential for the
method proposed in this work is directly translated into practical
applications, and the integration of the designed algorithm with
a smartphone may have significant implications for real-time
clinical applications especially for continuous monitoring of ar-
rhythmia. Given the ever-growing popularity of smartphones,
our approach to AF detection using a smart phone will give the
population as well as health care providers the opportunity to
monitor for AF under a wide variety of conditions outside of
the physician’s office. Because our approach does not involve
a separate ECG sensor but instead uses only standard smart
phone hardware, it is cost-effective, thereby leading to better
acceptance and use by patients. We are not aware of any other
algorithms that have the accuracy of our arrhythmia algorithm
for smartphone applications, that are already developed using
a moderately sized clinical study, and that have the capability
to discriminate PVCs and PACs from AF. Since this is an algo-
rithm development study, and the fact that there were a limited
number of subjects with PACs and PVCs for validation, we will
need to further test the algorithm in a separate cohort of patients
with PVCs and PACs.
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titative poincaré plot analysis of heart rate variability: Effect of endurance
training,” Eur. J. Appl. Physiol., vol. 91, pp. 79–87, 2004.

[24] M. Brennan, M. Palaniswami, and P. Kamen, “Do existing measures of
Poincare plot geometry reflect nonlinear features of heart rate variability?,”
IEEE Trans. Biomed. Eng., vol. 48, no. 11, pp. 1342–1347, Nov. 2001.

[25] S. Guzzetti, E. Borroni, P. E. Garbelli, E. Ceriani, P. D. Bella, N. Montano,
C. Cogliati, V. K. Somers, A. Mallani, and A. Porta, “Symbolic dynamics
of heart rate variability: A probe to investigate cardiac autonomic modu-
lation,” Circulation, vol. 112, pp. 465–470, Jul. 2005.

[26] A. Voss, K. Hnatkova, N. Wessel, J. Kurths, A. Sander, A. Schirdewan, A.
J. Camm, and M. Malik, “Multiparametric analysis of heart rate variability
used for risk stratification among survivors of acute myocardial infarction,”
Pacing Clin. Electrophysiol., vol. 21, pp. 186–196, 1998.

[27] C. M. DeGiorgio, P. Miller, S. Meymandi, A. Chin, J. Epps, S. Gordon, J.
Gornbein, and R. M. Harper, “RMSSD, a measure of vagus-mediated heart
rate variability, is associated with risk factors for SUDEP: The SUDEP-7
inventory,” Epilepsy Behavior, vol. 19, pp. 78–81, 2010.

[28] S. Dash, E. Raeder, S. Merchant, and K. Chon, “A statistical approach
for accurate detection of atrial fibrillation and flutter,” in Proc. Comput.
Cardiology, 2009, pp. 137–140.

[29] C. Scully, L. Jinseok, J. Meyer, A. M. Gorbach, D. Granquist-Fraser, Y.
Mendelson, and K. H. Chon, “Physiological parameter monitoring from
optical recordings with a mobile phone,” IEEE Trans. Biomed. Eng., vol.
59, no. 2, pp. 303–306, Feb. 2012.

[30] S. Sarkar, D. Ritscher, and R. Mehra, “A detector for a chronic implantable
atrial tachyarrhythmia monitor,” IEEE Trans. Biomed. Eng., vol. 55,
no. 3, pp. 1219–1224, Mar. 2008.

Authors’ photographs and biographies not available at the time of publication.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


