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This study explored the performance ofmultiscale entropy (MSE) for the assessment ofmobile ECG signal quality, aiming to provide
a reasonable application guideline. Firstly, the MSE for the typical noises, that is, high frequency (HF) noise, low frequency (LF)
noise, and power-line (PL) noise, was analyzed. The sensitivity of MSE to the signal to noise ratio (SNR) of the synthetic artificial
ECG plus different noises was further investigated. The results showed that the MSE values could reflect content level of various
noises contained in the ECG signals. For the synthetic ECG plus LF noise, the MSE was sensitive to SNR within higher range
of scale factor. However, for the synthetic ECG plus HF noise, the MSE was sensitive to SNR within lower range of scale factor.
Thus, a recommended scale factor range within 5 to 10 was given. Finally, the results were verified on the real ECG signals, which
were derived from MIT-BIH Arrhythmia Database and Noise Stress Test Database. In all, MSE could effectively assess the noise
level on the real ECG signals, and this study provided a valuable reference for applying MSE method to the practical signal quality
assessment of mobile ECG.

1. Introduction

ECGs collected via mobile phone are easily contaminated by
system noises, body movement, and circumstance disturbing
so that the corrupted data could lead to false alarms and
misdiagnosis [1]. Thus there is an essential requirement to
assess quality of ECG in order to determine whether the
ECG can be used for clinical purpose. Recently, ECG quality
assessment has been a focus issue [2–8].

ECG waveforms and power spectra are usually in chaos
when the ECGs are corrupted badly by noises. So methods
currently available employ the metrics mostly based on the
characterisation of time or frequency features of the signals.
Time basedmethods aim to identify particular characteristics
like RR time interval outliers [4], flat lines, baseline drift,
baseline wandering, and steep slopes [5] which can usually
compromise the recordings. Frequency based methods can
use, for example, the ratio between the low- and the high-
frequency content of the signals [6]. A combination of time
and frequency methods has also been proposed [7, 8]. The
traditional wave form features and power spectrum are

relatively simple metrics for assessing quality of ECG; how-
ever it is difficult to further improve classification accuracy.
So the proper metrics are required to further reflect the
content level of noises contained in ECG. Due to ECG being
a nonlinear signal, some nonlinear processing methods are
reasonable and feasible.

Multiscale entropy (MSE), a nonlinear analysis measure,
has been applied to a variety of biomedical signals [9–
12]. Costa et al. firstly proposed and employed MSE to
biomedical signals analysis [9, 10]. Chung et al. analysed the
electroencephalography (EEG) during sleep in patients with
Parkinson’s disease using MSE [11]. Zhang et al. employed
MSE to analyse characterizing different patterns of sponta-
neous electromyogram (EMG) signals [12] and then got the
nonlinear features of these patterns. In these applications,
MSE was used for dealing with the signals that were already
processed by filtering, correction, and other methods. How-
ever ECG quality assessment has to analyse the signals that
are without any processing, and the signals are more complex
and contain lots of various noises. Besides, the change of the
MSE for some common noises contained in ECG and the
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relationship between the MSE and the content level of noises
contained in ECG also need to be analysed in ECG quality
assessment. This exemplifies the need to further characterise
the factors that affect the MSE and particularly in the context
of assessing ECG signal quality.

We clarify that, beyond MSE, other types of dynamic
entropy have been used to analyze ECG data. For example,
the entropy 𝑆 defined in a time domain termed natural
time differs essentially from MSE since it is defined in an
entirely different time domain [13]. By quantifying the 𝑆

fluctuations and using ratios of “shuffled” and “unshuffled”
𝑆 fluctuations on fixed time scales or ratios on different time
scales complexity measures have been introduced that were
found of usefulness not only in the ECG analysis but also
to discriminate similar looking electric signals emitted from
systems of different dynamics.

The aim of this study was to characterise theMSE in ECG
signals and assess the effect of typical ECG noises affecting
the ECG, with the help of both artificial and real signals.

2. Materials and Methods

2.1. Databases

2.1.1. Artificial ECG Signals. Four types of artificial signals
were considered: ECG representing our actual signal of
interest; 0–0.5Hz low-frequency (LF) noises as represen-
tative of baseline wander (BW) and movement artefacts;
50Hz sinusoid as representative of power-line (PL) noise;
50–180Hz high-frequency (HF) noises as representative of
muscle artefact (MA) and other high-frequency noise. For
each of these categories, 50 signals of 50 seconds with a
sample rate of 360Hz were generated and utilised for the
analysis.

The artificial ECG signals were generated utilising the
open source ECGSYN software described in McSharry et
al. [14]. The ECG signals had a heart rate between 50 bpm
and 100 bpm which was randomly chosen for each repeat.
Each of the low-frequency signals had a frequency which was
randomly chosen from the interval 0–0.5Hz and amplitude
which was also randomly chosen. The fifty repeats of PL
noise signals were generated with a fixed frequency of 50Hz
sinusoidal signal and random amplitude separately chosen
for each repeat. Each of the high-frequency signals had a
frequency which was randomly chosen from the interval 50–
180Hz (based on sample rate of 360Hz) and amplitude which
was also randomly chosen.

The study also used three synthetic ECG signals for the
analysis of the effect of SNR on the MSE that included the
clean artificial ECG plus HF noise, the clean plus LF noise,
and the clean plus PL noise. The three types of noisy signals
were generated using a SNR in the range from−20 dB to 40 dB
in steps of 10 dB. The SNR is defined as

SNR = 10 × log
10
(
𝑃signal

𝑃noise
) , (1)

where𝑃signal and𝑃noise denote the power of the clean ECG and
the power of the noise, respectively. Figure 1 shows the three

types of ECG signals. For each type of signal, SNR was varied
from −20 dB to 40 dB, with steps of 10 dB. For each SNR level,
50 repeats were produced and the mean value and standard
deviation of each type of signal were calculated. For the effect
analysis of signal length, SNR of the ECGwas set as a constant
of 10 dB. For the effect analysis of SNR, the ECG signal length
used the recommendation value from the effect analysis of
signal length.

2.1.2. Real ECG Signals. The original real ECG signals were
taken from the MIT-BIH Arrhythmia Database made avail-
able by the Beth Israel Deaconess Medical Center through
the PhysioNet website [15, 16]. Actually, this study had to
firstly remove BW from the original real signals because BW
contained in the original signals could lead to inaccurate
results and then constructed new real ECG signals. This new
database contains 48 clean 30-minute 2-channel ambulatory
ECG recordings with sample rate of 360Hz. The MIT-BIH
Noise Stress Test Database (NSTDB) [17], also from the
PhysioNet website, was also utilised. The NSTDB provides
recordings of three typical noise signals which are typically
found in ambulatory ECG recordings and include electrode
motion artefact (EM), BW, andMA.Because theNSTDBdoes
not include the 50Hz PL noise, the study also added this type
of noise to the real ECG signals for testing. Figure 2 shows the
real ECG and the synthetic ECG plus BW, EM, MA, and PL
noise.

2.2. MSE Method. The MSE is obtained from a sample
entropy analysis of the signals for different time scale factors.
Firstly original time series {𝑥

1
, 𝑥
2
, . . . , 𝑥

𝐿
} (length 𝐿) is

converted to new multiple time series after a coarse-graining
procedure that is performed by averaging the variable data
points in nonoverlappingwindows by time scale factors. Each
element of the new time series 𝑦𝜏

𝑗
is computed according to

the following equation:

𝑦
(𝜏)

𝑗
=
1

𝜏

𝑗𝜏

∑

𝑖=(𝑗−1)𝜏+1

𝑥
𝑖
, (2)

where 𝜏 denotes the time scale factor and 1 ≤ 𝑗 ≤ 𝐿/𝜏. So the
new series {𝑦(𝑖) : 1 ≤ 𝑖 ≤ 𝑁} is obtained and its length for
each scale factor is𝑁 = 𝐿/𝜏. For scale 1, the new time series
is consistent with the origin time series.

Then the sample entropy of each new time series is
computed. For each new time series, a vector (𝑁 − 𝑚 + 1)
is constructed as in the following equation:

𝑅
𝑖
= {𝑦 (𝑖) , 𝑦 (𝑖 + 1) , . . . , 𝑦 (𝑖 + 𝑚 − 1)} ,

𝑖 = 1, 2, . . . , 𝑁 − 𝑚 + 1,

(3)

where𝑚 indicates the embedding dimension.
The distance 𝑑[𝑅

𝑖
, 𝑅
𝑗
] (𝑖, 𝑗 = 1, 2, . . . , 𝑁 − 𝑚 + 1, 𝑖 ̸= 𝑗)

between the vectors 𝑅
𝑖
and 𝑅

𝑗
is computed according to the

following equation:

𝑑 [𝑅
𝑖
, 𝑅
𝑗
] = max [𝑦 (𝑖 + 𝑘) − 𝑦 (𝑗 + 𝑘)

] ,

𝑘 = 0, 1, . . . , 𝑚 − 1.

(4)
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Figure 1: The clean artificial ECG and the clean ECG added noises with different SNRs from −20 dB to 40 dB, with a step of 10 dB. (a) The
clean ECG and the clean plus HF noise. (b) The clean and the clean plus LF noise. (c) The clean and the clean plus PL noise.

The degree of similarity between 𝑅𝑚
𝑖
and the other vector

𝑅
𝑚

𝑗
within tolerance 𝑟 can be defined as 𝐵𝑚

𝑖
(𝑟), that is, (𝑁 −

𝑚)
−1 times the number of the distance 𝑑[𝑅

𝑖
, 𝑅
𝑗
] within 𝑟,

where 𝑖 range from 1 to (𝑁 − 𝑚 + 1) and 𝑖 ̸= 𝑗 to exclude
self-matches, and then the average degree of similarity for all
of 𝑖 is defined as

𝐵
𝑚
(𝑟) = ∑

𝐵
𝑚

𝑖
(𝑟)

(𝑁 − 𝑚 + 1)
, (5)

where 𝑖 = 1, 2, . . . , 𝑁 − 𝑚 + 1. Similarly, 𝐵𝑚+1(𝑟) can also be
computed for the embedded dimension of 𝑚 + 1. Then, the
SampEn is defined as follows:

SampEn (𝜏, 𝑚, 𝑟) = − ln[𝐵
𝜏,𝑚+1

(𝑟)

𝐵𝜏,𝑚 (𝑟)
] . (6)

Finally, the MSE is the set of SampEn on multiscale and
defined as

MSE (𝑠) = {𝜏 | SampEn (𝜏, 𝑚, 𝑟)} . (7)

In this study, the values of 𝑚 = 2 and 𝑟 = 0.15 for MSE
computation were selected, and the scale factor from 1 to 15
was selected.

2.3. MSE Analysis for the Artificial ECG

2.3.1. The Relationship between MSE and Signal Types. In
order to understand how change of MSE of signal reflected
signal types, the values of MSE were firstly characterised
separately for each of the four typical artificial signals: HF
noise, LF noise, the clean ECG, and PL noise, using 50 repeats
for each.

2.3.2. Effect of Signal Length on MSE. The possible effect of
the length of the recording on the value of its MSE was
assessed by calculating the MSE for the clean plus LF, the
clean plus PL, and the clean plus HF noise when SNR was
10 dB with a length ranging from 5 s to 85 s, in steps of 5 s, as
well as the clean ECG. As before, 50 repeats were considered
in each of the four groups. A SNR of 10 dB was used when
generating the noisy ECG signals with HF, PL, and LF noise,
respectively.

2.3.3. Effect of the SNR on MSE. The possible effect of the
SNR of the signals on value of their MSE was assessed by
calculating the MSE for the three types of noisy signals
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Figure 2: The real ECG and real ECG added noises with different SNRs from −20 dB to 40 dB, with a step of 10 dB. (a)The real ECG and the
real plus BW. (b) The real ECG and the real plus EM. (c) The real ECG and the real plus MA. (d) The real ECG and the real plus PL noise.
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Figure 4: The effect of signal length on MSE for the artificial ECG signals. (a) The 3D view of the effect of signal length on all of the four
artificial ECGs. (b) Different lengths and their correspondingMSE with a scale factor of 5. (c) Different lengths and their correspondingMSE
with a scale factor of 10.

described above, generated using a SNR in the range from
−20 dB to 40 dB in steps of 10 dB, as well as the clean ECG.

2.4. MSE Analysis for the Real ECG. We verified the sensitiv-
ity ofMSE to SNR in the real ECGplus different types of noise
(i.e., BW,EM,MA, andPL) using a SNRwithin the range from
40 dB to −20 dB in steps of 10 dB, as well as the real ECG.

3. Results

Figure 3 shows the mean value and standard deviation of the
MSE of four kinds of signals (i.e., HF noise, LF noise, the
clean ECG, and PL noise). The MSE value of the HF noise

decreased monotonically with scale factor increased. Both of
the MSE values of the LF noise and clean ECG increased
monotonically with scale factor increased. The MSE of PL
interference showed fluctuation when it increased with scale
factor increased.

Figure 4(a) shows the effect of signal length on MSE for
the artificial ECGs, that is, the clean artificial ECGplus LF, PL,
or HF noise, as well as the clean artificial ECG. Figure 4(b)
gives examples of the MSE using a scale factor of 5. Similarly,
Figure 4(c) gives examples of MSE using a scale factor of 10.
TheMSE of all types of the ECG had a slight change when the
signal length was below 10 s. However, the MSE kept a steady
value when signal length was longer than 10 s.
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Figure 5: The results of SNR effect on the MSE for the artificial signals. (a) The 3D view of the relationship between MSE and SNRs of the
clean ECG plus LF noise. (b) Examples of the clean ECG plus LF noise with SNRs of −10 dB, 0 dB, or 10 dB, as well as the clean ECG. (c) The
3D view of the relationship between MSE and SNRs of the clean ECG plus HF. (d) Examples of the clean ECG plus HF with SNRs of −10 dB,
0 dB, or 10 dB, as well as the clean ECG. (e) The 3D view of the relationship between MSE and SNRs of the clean plus PL. (f) Examples of the
clean plus PL noise with SNR of −10 dB, 0 dB, or 10 dB, as well as the clean ECG.

Figure 5 shows the relationship between the SNR and
the MSE for the artificial ECG signals. For the clean ECG
plus LF noise and the clean ECG plus HF noise, the MSE
increased with the decrease of the SNR when the SNR was
larger than −10 dB and then decreased when the SNR was
less than −10 dB. For the clean ECG plus PL noise, the MSE
showed fluctuation and increased with the decrease of the
SNRwhen the SNRwas larger than 10 dB and then decreased.
Figure 5(a) shows that the MSE for the clean ECG plus LF
noise increases relatively obviously within the higher range of

scale factor, but Figure 5(c) shows that the MSE for the clean
ECG plus HF noise significantly increases within the lower
range of scale factor.

Figures 5(b), 5(d), and 5(f) show examples of the relation-
ship between the SNR and the MSE for the different artificial
ECG signals when the SNR is −10 dB, 0 dB, or 10 dB, as well
as the clean ECG.

Figure 6 shows the results of SNR affecting MSE for the
real signals. For the real ECG plus BW, the MSE reached the
maximum value when the SNRwas 10 dB and then decreased
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Figure 6: The validation results of SNR effect on MSE for the real ECG signals. (a), (c), (e), and (g) are the 3D view of the MSE of the real
ECG plus BW, EM, MA, and PL, with SNR from −20 dB to 40 dB with a step of 10 dB, respectively. (b), (d), (f), and (h) are the MSE values of
the noisy ECGs with −10 dB, 0 dB, 10 dB, and the real ECG, respectively.
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with the decrease of the SNR. However, for the real ECG
plus EM or MA, the MSE increased with the decrease of the
SNR when the SNR is larger than −10 dB, and then the MSE
decreased with the decrease of the SNR. The MSE showed
obvious fluctuation and increased with the decrease of the
SNR when the SNR was larger than 0 dB and then decreased.

4. Discussions

This study tries to provide interpretation of theMSEmeasure
in the context of quality classification of ECG collected via
mobile phone.

The results indicate that the MSE is closely related to
complexity of time series, instead of the periodicity and
randomicity of time series. Thus, the MSE for LF noise and
the clean ECG (quasiperiodic signal) monotonously increase
with the increase of scale factor, but the MSE for HF noise
monotonously decreases with the increase of scale factor.
In addition, the MSE for PL noise (periodic signals) shows
fluctuation. The results further indicate that change trends
of the MSE for various types of artificial ECG signals are
clearly different, and it means that the MSE can be applied to
distinguish different noises contained in biomedical signal.

Actually, theMSE for ECG is independent of signal length
when the length is longer than 10 s. This point is beneficial
for applying MSE to mobile ECG because the length of ECG
collected bymobile devices is of relatively short duration. It is
noted that the MSE also provides the possibility of real-time
analysis since a longer signalmeans thatmore time is required
to compute its MSE.

The results also show that the MSE is sensitive to SNR;
that is, the MSE can reflect the content level of noises
contained in the artificial or real ECG signals. For the real
ECG signals, BWrepresents primarily baselinewander, a low-
frequency signal usually caused by motion of the subject or
the electrodes. So the LF noise representsmostly BW, and EM
contains electrode motion artifact, with significant amounts
of baseline wander [18, 19]. In this study, we also use the LF
noise to approximately simulate EM.The trend ofMSE for the
real ECG plus BW or EM is consistent with that of the clean
artificial ECG plus LF noise except that the corresponding
SNR is different when the MSE reaches the maximum value
because the real ECG signals always contain considerable LF
noise, but the clean artificial ECG signals do not.

MA contains primarily muscle noise, and HF noise
represents MA [18, 19]. The trend of MSE for the real ECG
plusMA is consistent with that of the clean artificial ECGplus
HF noise except that theMSE for the real ECG plusMAnoise
is relatively larger within high range of scale factor because
MA from the NSTDB also contains other noises.

Actually, when content level of noise contained in time
series reaches a certain peak value, complexity of time series
begins to decrease; that is, structure of time series tends to the
steady state.Thus, for all of the synthetic ECG added different
types of noise, the MSE firstly increases with the decrease of
the SNR and then decreases.

For all of the synthetic ECG signals, the MSE is sensitive
to the content level of noise contained in the signals. However
the change trend of the MSE for the synthetic ECG added

various noises is different. Thus we propose that the MSE
should be applied to analyse the signal that is obviously
contaminated by a single variety of noise, and the content
level of other types of noise is relatively less.

Besides, for the synthetic ECG plus BW or EM, MSE is
more sensitive to the change of SNR when scale factor is
within higher range. However, for the synthetic ECG plus
MA, MSE is more sensitive to SNR within lower range of
scale factor. Thus, a proper scale factor has to be chosen in
order that MSE is better sensitive to SNR for all types of the
synthetic ECGs.This study suggests that a proper scale factor
should be selected from 5 to 10.

5. Conclusions

This study verified the performances of MSE for the assess-
ment of ECG signal quality. Our results showed thatMSEwas
sensitive to the noise level within the ECG signals and could,
therefore, represent a valuable tool for the assessment of ECG
signal quality.
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