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ABSTRACT

ARTICLE HISTORY

Purpose: Heart rate variability is a commonly used measurement to evaluate functioning of
autonomic nervous system, psychophysiological stress, and exercise intensity and recovery. HRV
measurements contain artefacts such as extra, missed or misaligned beat detections, which can
produce significant distortion on HRV parameters. In this paper, a robust automatic method for
artefact detection from HRV time series is proposed.
Methods: The proposed detection method is based on time-varying thresholds estimated from
distribution of successive RR-interval differences combined with a novel beat classification
scheme. The method is validated using simulated extra, missed and misaligned beat detections
as well as real artefacts such as atrial and ventricular ectopic beats.
Results: The sensitivity of the algorithm to detect simulated missed/extra beats was 100%. The
sensitivity to detect real atrial and ventricular ectopic beats was 96.96%, the corresponding specificity being 99.94%. The mean error in HRV parameters after correction was <2% for missed
and extra beats as well as for misaligned beats generated with large displacement factors.
Misaligned beats with smallest displacement factor were the most difficult to detect and
resulted in largest HRV parameter errors after correction, largest errors being <8%.
Conclusions: The HRV artefact correction algorithm presented in this study provided comparable specificity and better sensitivity to detect ectopic beats as compared to state-of-the-art
algorithms. The proposed algorithm detects abnormal beats with high accuracy, is relatively
easy to implement, and secures reliable HRV analysis by reducing the effect of possible artefacts
to tolerable level.
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1. Introduction
Heart rate variability (HRV) is a commonly used measurement to evaluate autonomic nervous system (ANS)
function, widely used in scientific studies and selfmonitoring purposes. For measuring HRV various
devices exist, ranging from clinical purpose electrocardiogram (ECG) devices to low cost heart rate monitors
and optical pulse measurement devices. Decreased
HRV has been found to associate with many clinical
scenarios such as mortality after myocardial infarction
[1,2], congestive heart failure [3] and diabetic neuropathy [4]. In addition to these clinical applications,
HRV is widely used in various medical, well-being and
behavioural research settings [5–7]. For self-monitoring
purposes, the two biggest applications of HRV are
probably evaluation of psychophysiological stress and
monitoring of exercise intensity and recovery.
Analyses of HRV require time intervals between
successive normal-to-normal RR intervals. However,
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almost always the RR time series includes artefacts
(abnormal RR interval values), especially when measuring HRV for a longer period of time outside laboratory
settings. Typical sources of artefacts include extra,
missed or misaligned beat detections as well as
ectopic beats. Such artefacts within the RR interval
time series are observed as sharp peaks or large
changes between successive beat intervals, and can
produce significant distortion on HRV analysis
parameters.
Ectopic beats can typically be detected by visual
inspection of ECG or by automatically detecting missing P-waves or abnormal QRS complex morphology,
this is however often time consuming or is not always
applicable for example due to poor signal quality. In
addition, most heart rate monitors and other wearable
technology devices detect heartbeats automatically
and store only the HRV time series for later use. Such
wearable devices are used in conditions where
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frequent motion artefacts and higher incidence of
ectopic events is expected. For example, when monitoring HRV during sports activities or even normal
daily activities, the number of artefacts is typically
high compared to controlled laboratory measurements. Thus, there is a clear need for scientifically validated, robust and automatic algorithms, which can
reliably detect and correct extra, missed and misaligned beat detections as well as ectopic beats. Such
algorithms should be able to run inside the wearable
devices or in external analysis software.
Automatic approaches for the detection of erroneous beats can be divided into two categories, statistical methods [8–11] and modelling based approaches
[12,13]. Statistical methods detect erroneous beats
from their different statistical properties and these
methods are often robust, their time complexity (i.e.,
number of operations) is low, and implementation for
different set-ups is easy. However, the detection accuracies of previously proposed statistical methods are
poor when compared to modelling based approaches
[12]. The modelling approaches have typically higher
time complexity and their implementation is often
difficult.
In this paper, a robust automatic method for artefact detection and correction from HRV time series is
proposed. Detection of artefacts is based on two variable thresholds. The first threshold is estimated from
distribution of successive RR-interval differences and
the second one is estimated from distribution of differences between individual RR-intervals and median
RR interval. The method is validated using resting ECG
measurements with simulated extra, missed and misaligned detections. Detection accuracy and impact of
correction on time-domain and frequency-domain HRV
parameters are reported. In addition, detection accuracy of ectopic beats is validated using measurements
with real atrial and ventricular premature beats.
Finally, we tested the proposed algorithm with a clinical exercise test measurement, to see how the
method adapts to non-resting heart rates.

2. Methods
The proposed method for detecting and removing
artefacts from HRV time series is presented next. Three
most common artefact types in HRV time series are
extra, missed and ectopic beats, which generate short,
long and sequences of short and long beat interval
values, respectively.
Previous publications have shown that difference
between two successive RR intervals (dRRs time series)

is a robust way to separate ectopic and misaligned
beats from the normal sinus rhythm [9,10]. dRRs time
series is defined as
dRRsðjÞ ¼ RRðjÞ  RRðj1Þ; j ¼ 2 . . . N

(1)

where N is the number of RR intervals and dRRs(1)¼0.
To identify artefact beats from the normal ones, a
threshold Th1 is adopted. To ensure adaptation to different HRV levels, the threshold is estimated from the
time-varying distribution of the dRRs series. Th1 is
defined as a times quartile deviation (QD) of the 91
surrounding beat interval differences
h 
i
Th1ðjÞ ¼ a QD dRRsðj45 . . . j þ 45Þ ; j ¼ 1 . . . N
(2)
where a is a scaling factor and jj denotes absolute
value. dRRs series is then normalised with Th1
dRRðjÞ ¼

dRRsðjÞ
; j ¼ 1...N
Th1ðjÞ

(3)

After normalisation, jdRRj>1 is used to detect
ectopic beats and single missing, short or long beats.
Extra beats and detector errors where every second
beat is missing cannot be easily detected from dRR series. Therefore, we define mRRs series, which is the difference between individual RR intervals and an 11-beat
median RR interval (medRR). Thus, mRRs is defined as
mRRsðjÞ ¼ RRðjÞ  median½RRðj5 . . . j þ 5Þ; j ¼ 1 . . . N
(4)
For heart rate of 60 bpm, mRRs is close to 0.5 s for
extra beats (assuming the extra detection divides the
normal beat interval in half) and mRRs is close to 1 s
for missing beats. To be able to apply equal threshold
for extra and missed beats, mRRs is scaled as follows

2 mRRsðjÞ; if mRRsðjÞ < 0
mRRsðjÞ ¼
; j ¼ 1...N
mRRsðjÞ; if mRRsðjÞ  0
(5)
The value of mRRs for 60 bpm HR is then close to
0 s for normal beats, close to 1 s for missed beats and
close to 1 s for extra beats (dividing the normal
interval in half). To identify artefact beats from normal
beats, a threshold Th2 is adopted. The threshold is
estimated from the time-varying distribution of the
mRRs series to ensure adaptation to different HRV levels. The threshold Th2 is defined as a times quartile
deviation (QD) of the 91 surrounding beat differences
h
i
Th2ðjÞ ¼ a QD mRRsðj45 . . . j þ 45Þ ; j ¼ 1 . . . N
(6)
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mRRs is then normalised with Th2 to have
mRRðjÞ ¼

mRRsðjÞ
; j ¼ 1...N
Th2ðjÞ

(7)

The scaling factor a is selected to be 5.2 (for both
dRR and mRR series). Beats within this range cover
99.95% of all beats if RR series is normally distributed.
However, RR interval time series is not often normally
distributed and thus, also some of the normal beats
exceed these thresholds. Therefore, decision algorithm
is needed to detect artefact beats.

2.1. Decision algorithm
The decision algorithm discriminates beats into different
types of erroneous beats, which guides how the
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erroneous beat is corrected. A schematic presentation of
the proposed decision algorithm is presented in
Figure 1.
Ectopic beats form negative positive negative (NPN)
or positive negative positive (PNP) segments to the
dRR series. This pattern is used for differentiating
ectopic beats from the missed or extra beats or the
sudden drop or increase of heart rate. A two-dimensional space S1 is calculated as follows

S12 ðjÞ ¼

S11 ðjÞ ¼ dRRðjÞ; j ¼ 1 . . . N

(8)

max½dRRðj1Þ; dRRðj þ 1Þ; if dRRðjÞ > 0
min½dRRðj1Þ; dRRðj þ 1Þ; ifdRRðjÞ < 0
(9)

In this space, S12 and S11 get simultaneously large
values only for segments of NPN and small values for

Figure 1. Schematic presentation of the decision algorithm for detecting real artefacts and removing extra detections. Firstly, RR
interval is tested against the ectopic beat criterion and secondly against the long or short criterion if beat is classified long or
short then missed and extra beat criterions are tested. If criterions are not fulfilled beat is classified as a normal rhythm.
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Figure 2. Subspaces S1 and S2 and detection area of the ectopic beats in subspace S1 and detection area of the long, short, extra
and missed beats in subspace S2 :

PNP segments. Figure 2(A) shows an example how normal and ectopic beats are positioned in this subspace.
The figure also illustrates the decision boundaries for
ectopic beat detection. The j’th beat is classified as an
ectopic beat if it satisfies the following conditions
8
< S11 ðjÞ>1 AND S12 ðjÞ<c1 S11 ðjÞc2
OR
Ectopic beat ¼
:
S11 ðjÞ<1 AND S12 ðjÞ>c1 S11 ðjÞ þ c2
(10)
where the values of c1 and c2 (c1 ¼ 0.13 and c2 ¼ 0.17)
were estimated using simulated artefacts and by optimising false classification of ectopic and short/long beats.
Long beats (including missed beat detections) form
positive negative (PN), short beats form negative positive (NP), and extra beats form NNP or NPP segments
to the dRR series. To ensure that all long, short,
missed, and extra beats are detected, a two-dimensional space S2 is constructed using dRR time series.

S22 ¼

S21 ¼ dRRðjÞ; j ¼ 1 . . . N

(11)

min½dRRðj þ 1Þ; dRRðj þ 2Þ; if dRRðjÞ  0
max½dRRðj þ 1Þ; dRRðj þ 2Þ; if dRRðjÞ < 0
(12)

The j’th beat (as well as the following beat j þ 1 if
jdRRðj þ 1Þj < jdRRðj þ 2Þj) is classified as long or short
beat if it satisfies following conditions
8
S21 >1 AND S22 <1
>
>
>
>
OR
<
(13)
S21 >1 AND S22 <1
Long OR Short ¼
>
>
OR
>
>
:
jmRR>3
Figure 2(B) shows how long and short beats are
positioned in subspace S2 : The figure illustrates also

the decision boundaries for detecting long and short
beats.
A missed or extra beat is detected if the beat is first
classified as a long or short beat respectively and in
addition if the RR interval satisfies following conditions
RRðjÞ
 medRRðjÞj < Th2
(14)
2
Extra beat ¼ jRRðjÞ þ RRðj þ 1Þ  medRRðjÞj < Th2
(15)
Missed beat ¼ j

Correction of missed and extra beats are handled
differently than other artefact beats.

2.2. Correction of erroneous heartbeats
After the detection of erroneous beats, invalid RR
interval times are corrected. Correction strategy
depends on the type of the erroneous beat.
Extra beats are corrected by removing the extra Rwave detection corresponding to the detected short
RR interval and RR interval series is then recalculated.
Missed beats are corrected by adding new R-wave
occurrence time so that it divides the detected long
RR interval into two equal halves and RR interval series
is then recalculated.
Long or short beats, are corrected by interpolating
new values to the RR time series.
Ectopic beats are corrected by replacing corrupted
RR times by interpolated RR values.

3. Materials
The performance of the proposed artefact detection
and correction algorithm was tested using ECG data
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from the Fantasia database [14] and MIT-BIH arrhythmia database [15], both available at the PhysioNet
archive [16]. In addition, a clinical exercise test data
measured at University of Eastern Finland was used to
test how the algorithm performs for non-resting heart
rates.
The Fantasia database consist of 120-min resting
ECG measurements from 20 young and 20 elderly subjects with beat annotations. The recordings with not
more than 6 non-normal heartbeats (9 recordings)
were selected for analysis. These nine recordings with
normal sinus rhythm were then passed though the
proposed algorithm and the number of beats triggering false alarm (False Positives) were calculated.
Secondly, the performance to detect missed, extra and
misaligned beats was studied by generating these
artefacts on the recordings similarly as in [12]. Missed
beats were simulated by removing beat detections at
indexes k ¼ 100n, where n ¼ {1, 2, 3, … .}. Extra detections were simulated by inserting an extra beat after
every beat index k. Misaligned beats were simulated
by moving beat detections at indexes k by recorddependent temporal displacement Dt. Detectability of
the misaligned beats depends on the level of normal
RR variability within the measurement. Therefore, Dt
was calculated by Dt ¼ qRMSSD, where RMSSD is the
square root of the mean squared differences of successive RR intervals of each individual measurement
[17]. Misaligned beats were simulated at three displacement levels q ¼ {2, 4, 8}. By using record specific
(RMSSD dependent) displacement, comparability of
artefacts generated with equal q value was achieved.
The MIT-BIH arrhythmia database was utilised for
testing the detection performance on real ectopic
beats [15]. The database contains 48 half-hour measurements with reference annotations for every beat.
Every recording was first classified in 20-s time windows to acceptable (less than 10 artefact corrupted RR
intervals) or non-acceptable (more than 10 artefacts)
time periods, and from each recording two longest
acceptable segments (had to be at least 5-min) were
selected for final analysis. This resulted in 37 segments
from 28 measurements, total beat count >47 000 with
559 abnormal beats.
Finally, one bicycle exercise ECG measurement from
healthy male subject was used to test how the proposed artefact correction method adapts to varying
heart rate. For the analysis, chest lead V5 was chosen
and the ECG was visually checked not to have missed,
extra or ectopic beats. The sampling rate of the ECG
was 500 Hz and QRS-complexes were detected using
the Kubios HRV software [18]. In the measurement,
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subject first lay supine for 3 min, and then sat up on
the bicycle for the next 3 min. After this, subject
started the incremental exercise test with starting load
of 40 W and the load was increased with 40 W every
3 min. Subject continued exercise until exhaustion,
after which a 10-min recovery period was measured.

4. Results
4.1. Detection of simulated artefacts (fantasia
database)
Examples of simulated misaligned beats with different
displacement (Dt ¼ qRMSSD) as well as missed and
extra beats are illustrated in Figure 3. It can be noted
that misaligned beats generated with the smallest displacement (q ¼ 2) are very small and detection of
these smallest displacements is difficult. The overall
performance of the proposed correction algorithm for
the simulated artefacts is reported in Table 1. The
data consisted of 61 757 normal beats and 610 simulated abnormal beats for each artefact type. The accuracy of the algorithm to detect normal beats was
99.963%, that is, only 2–4 normal beats per one-hour
recording were classified as artefacts. Missed, extra
and misaligned beats with factor q ¼ 8 were all
detected, and even misaligned beats produced by factor q ¼ 4 were detected by 99.3% accuracy.

4.2. Detection of real ectopic beats (MIT/BIH
database)
Figure 4 shows an example of a 20-min RR interval
time series with real ectopic and other abnormal
beats, data taken from the MIT-BIH arrhythmia database. From this recording, the algorithm correctly
detects and corrects all ectopic beats except the two
smallest misaligned beats (see topmost panel in
Figure 4).
The overall performance of the proposed algorithm
for the MIT-BIH arrhythmia data is presented in Table
2. The used dataset contained 46 895 normal beats
and 559 abnormal beats. Most of the abnormal beats
were atrial or ventricular ectopic beats. Normal beats
were classified as normal ones with 99.94% accuracy.
All nodal, blocked and loss of signal artefacts were
correctly detected by the algorithm. Atrial ectopic
beats were detected with 98.27% and ventricular
beats with 96.23% accuracy. The overall accuracy to
detect abnormal beats was 96.96%.
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Figure 3. A representative recording taken from Fantasia database with simulated artefacts. RR intervals are presented as black
line and detection thresholds (Th1 and Th2) as dashed lines. Simulated artefacts are presented as black stars and detected artefacts as black circles. In panels A and B, ectopic peaks are generated with q ¼ 2, in subfigure B, algorithm could not detect the
artefact correctly. In panel C, ectopic peaks are generated with q ¼ 4. Panel D demonstrates a single missed beat and extra beat.
Table 1. Performance of presented algorithm to classify normal sinus beats and simulated artefacts; missed, extra and
misaligned beats (mb).
Beat types
Normal
missed
extra
mb, q ¼ 2
mb, q ¼ 4
mb, q ¼ 8

Nbr of
beats
61 757
610
610
610
610
610

Mean
Dt (ms)
–
–
–
58
119
238

Classification
(%)
–
100
99.8
53.3
98.8
100

Detection
(%)
99.963
100
100
53.9
99.3
100

The table summarises the different beat types, number of beats in each
class, mean displacement of simulated ectopic beats (mean Dt), and the
detection and classification accuracies for different beat types. The classification accuracy gives the percentage of beats which have been
detected as artefacts and classified into correct class (missed, extra or
misaligned beat).

4.3. Exercise ECG measurement
Figure 5 shows an example of exercise ECG measurement, demonstrating how the time-varying thresholds
reliably adjust to the changing HRV levels during the
exercise test. The algorithm is able detect misaligned
beats even from the peak exercise where HRV is very
small. The exercise measurement had altogether 4491
normal beats (no artefacts), of which all except two
were correctly identified as normal beats. The two
beats incorrectly identified as artefacts are presented
in Figure 5(C).

4.4. HRV parameters
Table 3 summarises how different simulated artefacts
effect on five commonly used HRV parameters (Mean
RR, SDNN, RMSSD, LF power, and HF power). The HRV
parameters were calculated from 45 5-min samples
taken from the Fantasia database. Artefacts (missed,
extra, and ectopic beats) were generated as presented
in Materials section.
It was observed that Mean RR was not sensitive to
artefacts, showing on average a 0.9% increase when
the RR series included missed beats. However, all
other HRV parameters were hugely increased (2–80
times higher values) when computed from time series
including missed or extra beats, compared to their original values (computed from artefact free RR data).
After applying the artefact correction algorithm, the
mean absolute errors for these HRV parameters were
between 0.2–1.9% compared to original their values.
Ectopic beats simulated with smallest displacement
(q ¼ 2) produced on average 1.2–16.6% increase to HRV
parameters. Artefact correction decreased the error
observed in SDNN, RMSSD and HF power, mean absolute error being between 1.2–7.8% after correction.
Ectopic beats generated with higher displacements
(q ¼ 4 and 8) produced 3–250% increase to HRV parameters. After correction, the error was only 1.2–0.4%.
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Figure 4. Representative recording with real ectopic beats taken from MIT-BIH arrhythmia database. RR intervals are presented as
black line and detection thresholds (Th1 and Th2) as dashed line. Real misaligned beats are presented as black stars and detected
artefacts as black circles.

Table 2. Detection results of real artefacts from MIT-BIH
arrhythmia database.

Normal
Abnormal
Atrial
Ventricular
Nodal
Blocked
loss of signal

Nbr of
beats

False
Detection

Correct
Detection

Percentage

46 895
559
173
371
3
7
5

28
17
3
14
0
0
0

46 870
542
170
357
3
7
5

99.940
96.959
98.265
96.226
100
100
100

Atrial (atrial premature beats, aberrated atrial premature beats and atrial
escape beats), ventricular (premature ventricular contraction), nodal
(nodal/junctional escape beats), blocked (non-conducted P-wave).

5. Discussion
In this paper, a robust method for artefact correction
from HRV time series was presented. The algorithm
consists of a robust and accurate classification scheme,
which enables artefact beat classification to ectopic,
long, short, missed and extra beats. The algorithm was
validated using real and simulated data. The accuracy
of the algorithm to detect real artefacts such as atrial
and ventricular ectopic beats was high with overall
detection accuracy of 96.96%. In addition, normal
beats were classified as normal with 99.94% accuracy.
Furthermore, artefacts were observed to have significant effect on HRV parameters, but after correcting

the RR interval series with the proposed method the
error was in most cases below 2%. Misaligned beats
with the smallest displacement (q ¼ 2) were hardest to
detect, and therefore, also showed highest errors in
HRV parameters computed from the corrected RR
series.
The Fantasia database and similar procedure to produce simulated artefacts was used in one previous
study [12]. They compared four different methods for
HRV artefact correction, that is, the methods presented
in Citi et al. [12], Mateo et al. [13], Rand et al. [11] and
Berntson et al. [9]. Although the analysed dataset is
not identical (our dataset contained 61,757 normal
beats, whereas Citi et al. had 60,017 normal beats in
their dataset), the results should be comparable
because the analysed samples are selected from the
same database and artefacts are simulated using similar methodology. The detection accuracy for normal
beats was higher in Citi’s method (99.985% accuracy)
when compared to our algorithm (99.963%). The
methods proposed in [9,11,13] had slightly lower
accuracy in detecting normal beats (99.880–99.938%).
The detection accuracy for extra or missed beats was
near to 100% in all compared algorithms. The accuracy of our algorithm to detect ectopic beats generated with the smallest displacement (q ¼ 2) was 53%,

180

J. A. LIPPONEN AND M. P. TARVAINEN

Figure 5. Example of exercise ECG measurement. RR intervals are presented as black line and detection thresholds (Th1 and Th2)
as dashed line. Detected artefacts are presented with black circles.
Table 3. Effect of simulated artefacts and artefact correction on HRV parameters. Each parameter is presented as mean ± standard deviation (mean absolute error in percent’s).
Ectopic q ¼ 4

Ectopic q ¼ 8

HRV parameters from original RR series and RR series with simulated artefact
Mean RR (ms)
1020 ± 85
1029 ± 86 (0.9%)
1011 ± 84 (0.9%)
1020 ± 85 (0.0%)
SDNN (ms)
30.9 ± 13.2
97.8 ± 11.4 (216.2%) 120.3 ± 102.9 (289.0%) 32.1 ± 13.4 (3.8%)
RMSSD (ms)
27.7 ± 12.2
138.2 ± 16.9 (398.5%) 146.9 ± 145.0 (430.1%) 31.1 ± 13.0 (12.3%)
684 ± 664
6505 ± 2568 (850.2%) 1737 ± 2260 (153.8%)
692 ± 671 (1.2%)
LF power (ms2)
2
287 ± 287
6298 ± 1777 (2088%)
24 ± 90103 (8363%)
335 ± 325 (16.6%)
HF power (ms )

1020 ± 85 (0.0%)
20.7 ± 3.9 (13.6%)
39.3 ± 15.7 (41.8%)
709 ± 684 (3.5%)
464 ± 425 (61.2%)

1020 ± 85 (0.0%)
44.9 ± 17.2 (45.1%)
61.3 ± 23.7 (121.2%)
780 ± 749 (14.0%)
1032 ± 963 (258.7%)

HRV parameters from corrected RR series
Mean RR (ms)
1020 ± 85 (0.0%)
1020 ± 85 (0.0%)
SDNN (ms)
30.9 ± 13.2 (0.2%) 30.8 ± 13.2 (0.5%)
RMSSD (ms)
27.6 ± 12.3 (0.4%) 27.5 ± 12.2 (0.7%)
LF power (ms2) 684 ± 664 (0.0%) 680.9 ± 658.7 (0.5%)
2
282 ± 280 (1.9%)
HF power (ms ) 287 ± 287 (0.3%)

1020 ± 85 (0.0%)
30.8 ± 13.3 (0.3%)
27.4 ± 12.2 (1.2%)
687 ± 668 (0.4%)
286 ± 289 (0.6%)

1020 ± 85 (0.0%)
30.8 ± 13.2 (0.3%)
27.4 ± 12.2 (1.1%)
686 ± 666 (0.2%)
287 ± 292 (0.0%)

Parameter

Original

missed

extra

1020 ± 85 (0.0%)
30.9 ± 13.2 (0.2%)
27.6 ± 12.3 (0.4%)
684 ± 664 (0.0%)
287 ± 287 (0.3%)

which is better than algorithms presented in Citi’s
paper (5–41%). Similarly, ectopic beats produced by
displacement factor q ¼ 4 were detected by our algorithm at 99% accuracy, whereas the corresponding
accuracy was 97% in Mateo et al., 96% in Citi et al.,
94% in Rand et al., and 18% in Berntson et al.
The accuracy of the proposed algorithm in detecting real artefacts was tested using selected sections
from MIT-BIH arrhythmia database. The analysed dataset contained 46 895 normal beats and 559 abnormal
beats. Our algorithm identified normal beats with
99.940% accuracy and detected abnormal beats with
97% accuracy. In Citi’s paper MIT-BIH arrhythmia database was also used to evaluate algorithm performance. Their algorithm showed slightly better accuracy

Ectopic q ¼ 2

1020 ± 85 (0.0%)
31.4 ± 13.6 (1.5%)
29.0 ± 13.2 (4.6%)
692 ± 673 (1.2%)
310 ± 323 (7.8%)

in detecting normal beats (99.985%), but lower accuracy in detecting abnormal beats (84–94%) [12].
Large artefacts such as missed, extra or ectopic
beats with large displacement error induce huge
errors into HRV parameters. As can be seen in Table 3,
the parameter values can be several times higher than
true values if artefacts are not corrected. However, by
using an accurate algorithm, large artefacts are easily
detected and corrected. After artefact correction, HRV
parameters showed on average only 1.9–0.4% error
compared to the original correct values. Small errors
(such as ectopic beats produced with q ¼ 2) are more
difficult to detect even for state-of-the-art artefact correction algorithms, only 5–53% detection accuracies
have been reported. Table 3 shows that due the low
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detectability, small displacements errors cause’s highest errors in HRV parameters after correction. The error
after correction is however relatively low (<8%).
Two previous publications have shown that the difference of two successive beat intervals is a robust way to
separate ectopic and misaligned beats from the normal
sinus rhythm [9,10]. However, decision thresholds and
classification of different types of artefacts was poorly
implemented and thus detection and correction results
of these algorithms were low [12]. In our algorithm, a
time-varying threshold and a novel classification scheme
were implemented, which increased detection and classification results significantly. Compared to more recently
published modelling based erroneous beat detection
approaches [12,13], our simple and robust correction
algorithm provided comparable or even better results.
In conclusion, the proposed artefact correction
algorithm detects abnormal beats with high accuracy,
is relatively easy to implement, and secures reliable
HRV analysis by reducing the effect of possible artefacts to tolerable level.
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