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Automatic electrocardiogram (ECG) signal enhancement has become a crucial pre-processing step in most ECG signal analysis applications.
In this Letter, the authors propose an automated noise-aware dictionary learning-based generalised ECG signal enhancement framework which
can automatically learn the dictionaries based on the ECG noise type for effective representation of ECG signal and noises, and can reduce the
computational load of sparse representation-based ECG enhancement system. The proposed framework consists of noise detection and
identification, noise-aware dictionary learning, sparse signal decomposition and reconstruction. The noise detection and identification is
performed based on the moving average filter, first-order difference, and temporal features such as number of turning points, maximum
absolute amplitude, zerocrossings, and autocorrelation features. The representation dictionary is learned based on the type of noise
identified in the previous stage. The proposed framework is evaluated using noise-free and noisy ECG signals. Results demonstrate that
the proposed method can significantly reduce computational load as compared with conventional dictionary learning-based ECG denoising
approaches. Further, comparative results show that the method outperforms existing methods in automatically removing noises such as
baseline wanders, power-line interference, muscle artefacts and their combinations without distorting the morphological content of local

waves of ECG signal.

1. Introduction: Accurate and reliable measurements of clinical
features of electrocardiogram (ECG) signal are most important for
effective diagnosis of cardiovascular diseases. In practice, ECG
signals are mostly corrupted with different kinds of noise and
artefacts such as baseline wander (BW), power-line interference
(PLI), and muscle artefacts (MA) under resting and ambulatory
conditions [1-11]. The noises present in the ECG signal may
mask the morphological features of the local waves such as
P-wave, QRS complex, T-wave and U-wave and thus degrade
diagnostic quality. Various ECG denoising methods were
presented based on an adaptive enhancer using second-order
statistics [1], a signal decomposition-based modified Bayesian
framework [2], sequential averaging filter using Bayesian
framework [3], adaptive filter and wavelet shrinkage [5],
non-local wavelet transform (WT) filtering [4], marginalised
particle extended Kalman filter with an automatic particle
weighting strategy [6], empirical mode decomposition (EMD) [7].
The hybrid denoising model is presented for removal of additive
Gaussian noise [8]. Most MA removal methods are based on
EMD [9], nonlinear Bayesian filtering framework [10], WT [12],
EMD and WT [12], and sparse signal representation on mixed
dictionaries [11]. The BW is removed based on the digital high
pass filters, low-order polynomials [13], EMD [14], WT [15], and
nonlinear filter bank [16].

Although many noise removal methods were presented for re-
moving the ECG noises [1-17], most methods lack in preserving
the morphological content such as amplitude, duration, polarity,
shape and spectra of the ECG signal. Further, different signal
processing approaches are employed for removal of different
kinds of noises from ECG signal. Unlike other transformation-
based methods, the representation dictionary learning is performed
using both time-localised and frequency-localised elementary
waveforms for effective representation of ECG signal and noises
such as BW, PLI, and MA. However, computational complexity
of the sparse representation highly relies on the size of a represen-
tation dictionary. From our previous studies, it is noted that the MA
can be effectively removed from the ECG signal using sparse signal

2

This is an open access article published by the IET under the
Creative Commons Attribution-NoDerivs License (http:/
creativecommons.org/licenses/by-nd/3.0/)

decomposition on mixed dictionaries including the impulsive and
sinusoidal elementary waveforms and QRS information [11].
Furthermore, it is observed that the computational load can be
reduced by choosing suitable number of time- and frequency-
localised elementary waveforms based on the type of noises
added to an ECG signal. To the best of our knowledge, there is
no generalised sparse representation-based ECG noise removal
framework for automatically detecting and removing the single
and combined noises from the ECG signal.

In this Letter, we propose a noise-aware dictionary learning-
based generalised ECG signal enhancement framework which not
only preserves the morphological content of the local waves such
as P, QRS, T, and U of the ECG signal but also significantly
reduces computational load when compared with conventional dic-
tionary learning-based sparse representation methods and other fil-
tering methods. The main contribution of this Letter is to investigate
different kinds of mixed dictionaries for removal of ECG noises and
finding the optimal size for each of the representation dictionary
learned based on the temporal-spectral characteristics of ECG
noises such as BW, PLI, and MA. Based on the decomposition
results, we present noise suppression algorithms for removal of
single and combined ECG noises. Evaluation results demonstrate
that the noise-aware dictionary-learning approach can significantly
reduce the computational load when compared with the convention-
al dictionary learning-based ECG denoising methods.

The remainder of this Letter is organised as follows: Section 2
presents an ECG signal enhancement based on sparse representa-
tion with noise-aware dictionary learning algorithm. In Section 3,
signal quality assessment results and computational analysis are
presented. Finally, the conclusions are drawn in Section 4.

2. Methods and materials: This section presents an automated
noise-aware dictionary learning-based sparse representation
framework for removal of single and combined ECG noises such
as BW, PLI, and MA, which are time-localised and
frequency-localised signals. The flowchart of the proposed
framework is illustrated in Fig. 1, which consists of three major
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Fig. 1 Proposed noise-aware dictionary-learning-based sparse representation framework for removal of single and combined ECG noises

steps: noise detection and identification, noise-aware dictionary
learning, and sparse representation-based noise removal
algorithms. In the next-subsection, we describe each of the
processing steps of the proposed framework.

2.1. Noise detection and identification: Many studies show that the
accuracy and robustness of the quantitative parameter extraction
system can be improved by incorporating a noise removal

algorithm at the pre-processing step. Therefore, in this Letter, we
attempt to present a generalised ECG enhancement framework
which includes noise detection and identification, noise-aware
dictionary learning, sparse signal decomposition and noise
removal. The noise detection and identification is performed
based on the moving average filter, the first-order difference, and
the temporal features including maximum absolute amplitude
(MAA), zerocrossings, and autocorrelation features (ACF). The
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Fig. 2 Noise detection and identification step

a ECG corrupted with BW and MA taken from an MITBIHA record 104
b BW detection using MAA thresholding

¢ BW decision

d Difference operation output and MAA thresholding

e ZC envelope for detection of MA/PLI

fZC thresholding for detection of MA

g MA decision

h ACF feature thresholding for detection of PLI

Healthcare Technology Letters, 2017, Vol. 4, Iss. 1, pp. 2-12
doi: 10.1049/htl.2016.0077

350

200 250 300 i 400
r

h

3

This is an open access article published by the IET under the
Creative Commons Attribution-NoDerivs License (http:/
creativecommons.org/licenses/by-nd/3.0/)



T T T

- - . P e —n ‘—..AF

500 1000 1500

2000 2500 3000 3500

sample number
a
0.5 T v T T v T T
Sa
=5 OF E
E _0 5 ' L 1 1 L 1 1
’ 500 1000 1500 2000 2500 3000 3500
sample number
b
= Na BW noise
o o}
_1 L L 1 i L L i
500 1000 1500 2000 2500 3000 3500
sample number
[
o 05 T T T T T T T
o FoY) T I VS — ] T | A ) ) | " |
= ™ ! | I T I | | T I | I
o -0.5 L : g : - : -
500 1000 1500 2000 2500 3000 3500

sample number

ZCE
=
=
L
=
=

d
z” A ’—\.f“ﬁl,r V v V \V I\}

2000 2500 3000 3500

500 1000 1500
block number
e
£Z 2 T T T T T T T
S 1 .
o | Y A A Y A . ; .
500 1000 1500 2000 2500 3000 3500
block number
f
2 T T ¥
L HF noise
= 1
0 ' ' 1 1 1 1 1
500 1000 1500 2000 2500 3000 3500
sample number
ggo_s n MM M A
8 & Ay M YT e v e WU v Vv, UV VvV Y
< 50 100 150 200 250 300 350 400

block number

Fig. 3 Noise detection and identification step
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a ECG with synthetically added PLI for half portion of segment taken from an MITBIHA record 100

b BW detection using MAA thresholding

¢ BW decision

d Difference operation output and MAA thresholding
e ZC envelope for detection of MA/PLI

fZC thresholding for detection of MA

g MA decision

h ACF feature thresholding for detection of PLI

proposed noise detection and identification algorithm is
summarised as

Step I: In this step, low-frequency (LF) BW signal from ECG signal
is extracted by using a moving average filter. The length of the
moving average filter is chosen empirically such that it can capture
the frequency component <1 Hz. In this Letter, the length of filter
is chosen as 360. Based on the acceptable amplitude value of BW,
an MAA of the extracted LF is compared with a predefined threshold
of 0.05mV for detecting the presence of BW. The acceptable
amplitude value is decided such that it does not distort the
minimum amplitude of P-wave. Typically, minimum amplitude of
P-wave is 0.05 mV [17]. If the presence of BW is detected, the
input signal is further processed for removal of BW component
from an ECG signal using sparse signal decomposition algorithm.
Step 2: A first-order forward difference operation is performed for
extracting the high-frequency (HF) noises including MA and PLI,
which is implemented as

dinl =xn]—5n—1], n=0,1,2,...,N—1. (1)

where x[n] is the normalised residual signal after subtracting the
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BW from x[n] and N is the length of ECG signal. Since the HF
signal d[n] contains the HF portions of the QRS complexes, the
HF signal is segmented into blocks with block size of 50 ms and
block shift of one sample. Then, a number of zerocrossing (NZC)
is computed for distinguishing the blocks containing QRS
complex portion and noisy blocks. The overlapping blocking pro-
cessing step is implemented as

dlnl=dll+nl, n=1,2,...,P @)

where /=0, 1, ..., N — P — 1. d;[n] is the /th block and P repre-
sents the block size. Then, the NZC is computed as

_ |NZC,, if max(|d)[n]]) > v,
2] = {0’ otherwise ®

where NZC, is the NZCs for /th block which is computed as

N
NZCy(m) = Z Isgn[d;[n]] — sgn[d;[n — 1]]I.  (4)
=_N

1
N +1,
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The value of 1y, is chosen based on the acceptable level of HF noise
that can be used for reliable measurements of clinical parameters.
Again, this acceptable level is decided based on typical minimum
amplitude of P-wave. From the results, it is noted that the NZC
for the noisy block is much higher than the block containing
QRS complex. Therefore, we use zerocrossing (ZC) feature with
duration threshold of 350 ms for discriminating the HF noise seg-
ments from the segments with localised QRS complex. By using
the amplitude and duration criteria, the ECG segment is detected
as noisy ECG signal. After detecting the presence of HF noise,
the structured PLI is distinguished from the MA and instrument
noise by using the ACF features. In this work, ACF features are
computed by dividing the d[n] into overlapping blocks of 100 ms
with shift of 20% of the block

vl =d[02Pm+n], n=12,...,P (5)

N
where m=0,1, ..., M, and M = LEJ' Then, ACF sequence for
each block v,,(n) can be computed as

1=
b(7) = 62 Vu[nlv,,[n + 71 (6)
n=0

where ¢,,(7) is the autocorrelation sequence for v,,[#] and 7 is the
autocorrelation lag. Then, maximum of ACF with respect to first
negative ZC point is found for each of the blocks. It is noted that
the PLI and MA blocks are having maximum ACF values of
>0.5 and <0.5, respectively. The feature extraction and detection
results are shown in Figs. 2 and 3. Results demonstrate the effect-
iveness of the features for detecting and identifying the ECG
noises. Based on the type of ECG noise identified, the representa-
tion dictionary learning is done for removal of identified noise(s)
from the ECG signal. The noise detection and noise-aware diction-
ary learning can reduce the overall computational load of the ECG
signal enhancement framework.

2.2. Noise-aware dictionary-learning-based algorithms: We present
a generalised ECG signal enhancement framework based on the
sparse signal decomposition on noise-aware learned dictionaries.
For detailed discussion about the sparse signal decomposition,
reader can refer our earlier reported work in [18]. An ECG signal
x[n], n=1,2,...,N is composed of time-localised and
frequency-localised waveforms which can be represented on
mixed dictionaries as

N
x=®Pp= ZPNS[, @)
i=1

where ® € RVM (where N<M) is the mixed dictionary and
p=1p1> Py, ---, py] represents the sparse coefficient vector.
The over-complete dictionary is constructed by analysing

Table 1 Computational complexity analysis of the proposed method

temporal-spectral information of local waves of the ECG signal.
The frequency-localised components such as the LF components
of ECG waves, the BW and PLI can be effectively modelled
using sinusoids. The high-slope components of QRS complex
and HF noises can be effectively modelled by impulses.
Therefore, the representation dictionary is constructed as

D= [q)B|(I)PT|(I)QRs|(I)D|‘I)P]> ®)

where N denotes the length of ECG signal and M denotes the
number of elementary waveforms. @p, ®pr, Prg, Pp, and Py
consist of elementary waveforms to capture BW, P/T wave, wide
portions of QRS complexes, spiky coefficients (contain HF
component of QRS complex and HF noises), and PLI,
respectively. To capture time-localised HF component of QRS
complex and HF noises, ®, € RY*N is chosen as identity
matrix. @, Ppy, Ppg, and Pp contain discrete sine and cosine
basis vectors for the respective frequency range chosen from the
N x N matrices S and C. The atoms of .S and C are given by

[S]; = \/jzv[a" sin(%)] Q)

where a@;=1//2 for i=N—1, otherwise a,=1 and

i

i,j=01,2,...,N—1.

[Cl; = \/?V[a,- cos(%)] (10)

where a,=1/4/2 for i=0, otherwise a;=1 and
i,j=0,1,2, ...,N — 1. Both sine and cosine dictionaries are
used together to avoid discontinuities at the block boundaries.
Then the chosen dictionaries can be written as

@ = [@f|DF [DF; | Dy | Dps | s P DT D], (11)

where @ and ®° contain sinusoidal basis vectors chosen from
cosine and sine dictionaries, respectively, as in (9) and (10). The
frequencies of BW and PLI noises range between 0 and 0.8 Hz
(upto 1Hz during stress test) and 57-63 or 47-53 Hz,
respectively [11]. However, most of the energy of ECG local P/T
wave and wide QRS complex reside <1-5 and 5-20 Hz,
respectively [11]. Based on aforementioned frequency
information, dictionary learning for dictionaries @, ®pr, Prs,
and ®;, is performed using sinusoidal elementary basis vectors of
frequency ranges 0-1, 1-2, 2-20, and 47-53 Hz, respectively.
The respective basis vectors for the frequency f will be the kth

columns of § and C where, k = LTJ (f; is the sampling rate).
JS
Then, the sparse coefficients for the respective dictionary can be

Noise type Dictionary [®] Dictionary size Comput. time, s Pcg Iter.
BW [Pg] N x 40 0.29 43
PLI [®p] N x 240 0.29 7
BW +PLI [Py |Pp] N x 280 0.37 20
MA [@pr | Pors | Pp | Pp] N x (N +1000) 1.72 143
MA +PLI [Ppr | Pors | P | Pp] N x (N +1000) 1.81 158
MA +BW [P | Ppr [Prs | Pp | Pp] N x (N + 1040) 1.75 143
BW +MA +PLI [P | Pp1 [Prs | Pp [ Pp] N x (N + 1040) 1.90 165
Conventional [CIS|Pp] N x 3N 2.88 111
PCG Iter, preconditioned conjugate gradient iteration [19]
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Table 2 Computational complexity analysis of existing methods

Noise type Comput. time, s
Wavelet [15] 0.117
EMD + MM [14] 4.64
EMD [9] 0.966
EMD + wavelet [12] 0.969
DFT [20] 7.29x107*
Adaptive filter [20] 0.039
Notch [20] 0.0145

estimated by solving /; — norm convex optimisation [19]
p = argmin.[®p — x[|3 + Allpll,, (12)

where A regulates the reconstruction fidelity ||<I>p—x||§ and
sparsity term | p||;. Here, the value of A is taken 0.1 to suppress
the low noisy peaks. p constitutes the reconstructed sparse
coefficients corresponding to ®p, ®pr, Pps, Pp, and Py,
respectively. Then the reconstructed ECG signal can be denoted as

X = ®p = [Py | Ppr | Pors|Pp [ Pp] [P 1Ppr]Agrs [PpPp]

(13)
X = Pppp + Pprper + PorsPors + Popp + Prpp
Finally, X can be written as
X >~ Xg + Xpp +-’2QRS + Xp + Xp, (14)

where X, Xp1, Xors, Xp, and X are reconstructed BW signal, local
P/T wave signal, wide QRS complex, HF QRS complex and other
HF noises (detail signal), and PLI signal, respectively. In this
Letter, we process 10 s segment of ECG and thus N is equal to
10f; number of samples. For example, in the presence of only
BW noise, the dictionary can be chosen as ® = [<I>§|<I>§]NX 2| T
[DS B3 1,40 (by substituting N = 10£,). Similarly, the dictionaries
® = [®F D] .24 (for 47-53 Hz) and ® = [®F | D} | DS D3]y, 250
are chosen in the presence of only PLI and BW + PLI, respectively.
For removing the MA or MA + PLI, the dictionary @ is chosen as in
(8) except ®@y. In the presence of all ECG noises including BW,
MA, and PLL a complete dictionary ® & RV (as in (8)) is
used for ECG signal enhancement, where M is the total number
of columns, ie. M=40+40+720+N+240. The proposed
generalised ECG enhancement framework using noise-aware
dictionary learning and sparse signal decomposition algorithms is
summarised in Algorithm 1 for different kinds of noises. The
computational load using noise-aware dictionary learning and
computational load of existing de-noising methods are
summarised in Tables 1 and 2. Evaluation results show that the
overall computational load can be reduced by choosing a
representation dictionary with suitable number of elementary
waveforms based on the noise(s) to be removed from the ECG
signal. The ECG denoising results are shown in Figs. 4 and 5.
Results demonstrate the effectiveness of the proposed framework
in simultaneous removal of combined noises from ECG signal.
From our results, it is further noted that the QRS detection is not
required in case of BW and/or PLI removal but it is required for
MA removal meanwhile preserving the QRS complexes.

ECG

EQG+BW+PLI

Recons. BW

Rpcons. PLI

Reconst. ECG

i

5
Time (sec)
e

Fig. 4 Effectiveness of the proposed framework in simultaneously removal BW and PLI

a ECG signal taken from MITBIHA database record 111
b ECG signal with synthetically added BW and PLI noises
¢ Extracted BW signal

d Extracted PLI signal

e Reconstructed ECG signal after subtracting the BW and PLI signals from the noisy ECG signal
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Fig. 5 Effectiveness of the proposed framework in simultaneously removal of BW, PLI and MA (synthetically added)

a ECG signal taken from MITBIHA record 104

b Extracted MA components

¢ Extracted BW signal

d Extracted PLI signal

e Identified R-peaks in QRS signal

fReconstructed ECG after removal of the BW, PLI and MA signals

Algorithm 1: Generalised ECG enhancement framework using
noise-aware dictionary learning and sparse signal decomposition

BW removal algorithm: If Noise type <—BW

e Obtain BW dictionary ®g.
e Perform sparse signal decomposition on ®y.
e Estimate the BW signal Xj.
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Fig. 6 Experimental set-up and acquired ECG signals
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Table 3 Classification results of the proposed SQA method

Database Noise TS TP FP FN Se, % +P, % Acc, %
MITBIHA (Fs=360 Hz, 11 bit resol.) clean 1340 1340 16 0 100.00 98.82 98.82
BW 1700 1681 11 19 98.88 99.35 98.25
MA 2170 2148 8 22 98.99 99.63 98.62
PLI 1770 1762 0 8 99.55 100.00 99.55
BW +MA 2180 2159 15 21 99.04 99.31 98.36
BW +PLI 1470 1449 9 21 98.57 99.38 97.97
total 10,630 10,539 59 91 99.17 99.42 98.59

Fs: sampling frequency; resol.: resolution; TS: total segments; TP: true positive; FP: false positive; FN: false negative Se: sensitivity; +P: positive predictivity;

Acc: accuracy

o Subtract estimated BW signal X from the ECG signal x for BW
removal, i.e. X = x — X; X — denoised signal.

PLI removal algorithm: If Noise type <—PLI

Obtain PLI dictionary ®p.

Perform sparse signal decomposition on ®y.

Estimate the PLI signal Xp.

Subtract estimated PLI signal X, from the ECG signal x for PLI
removal, i.e. X = x — Xp; X — denoised signal.

BW + PLI removal algorithm: If Noise type <— BW + PLI

Obtain combined BW and PLI dictionaries [®g|®}].
Perform sparse signal decomposition on [®y|Pp].

L]
L]
e Estimate the BW signal X and the PLI signal X;.
e Subtract estimated BW and PLI signal from the ECG signal x for
both BW and PLI removal, i.e. X = x — X5 — Xp; X — denoised
signal.

MA/MA + PLI removal algorithm: If Noise type < MA/MA +

PLI

ECG+BW

o
@
=
(1]
=
c
1.5} 5
o 1}t a
E 0.5 L
0 1 L‘/'\l-'-\,\| | 1 1 1 | ME
d
3 4 5 6 7 9
Time (sec)
=]

Fig. 7 Performance of BW removal methods

a Original ECG signal taken from MITBIHA record 101
b ECG corrupted with BW

¢ Wavelet-based method [15]

d EMD-based method [14]

e Proposed framework
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ECG

ECG+PLI

Notch

Adap. Filtering

Proposed

Fig. 8 Performance of PLI removal methods

a Original ECG taken from an MITBIHA record 203
b ECG signal plus PLI

¢ Notch filtering method [20]

d Adaptive filtering method [20]

e Proposed framework

e Obtain an over-complete dictionary of ECG, MA, and PLI noise
[®pr | Pors | Pp [Py ]-

e Perform sparse signal decomposition on the constructed over-
complete dictionary.

e Estimate the PLI signal Xp, P/T wave Xp/1, QRS feature signal
Xqrs, and detail signal or HF component of QRS complex Xy,

* Apply R-peak detection on QRS feature signal Xqps.

e Extract HF portion of QRS complex from the X, within the block
of block size (L) of 100 ms centred at the identified R-peak instants
(let ny, ny, ..., ng).

&, form—Lj2<n<n+L/2
QRSyp = 0,  Otherwise

X = Xqgs + *p/r + QRSyyp; X — denoised signal.
BW + MA/BW + MA + PLI removal algorithm: If Noise type <—
BW +MA/BW + MA +PLI

e Obtain an over-complete dictionary of ECG, BW, MA, and PLI
noise [P|Ppr| Pogs |Pp|Pp].

e Perform sparse signal decomposition on the constructed over-
complete dictionary.

e Estimate the BW signal %5, PLI signal %, P/T wave p /1, QRS
feature signal Xgrs, and detail signal or HF component of QRS
complex Xp.

¢ Apply R-peak detection on QRS feature signal Xqps.

o Extract HF portion of QRS complex from the X, within the block
of block size (L) of 100 ms centred at the identified R-peak instants
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Time (sec)
e

(let ny, ny, ..., np).

| xp, form;—L/2<n<n+LJ/2
QRSyp = { 0, Otherwise

X = Xqrs + *p;r + QRSyp; ¥ — denoised signal.

3. Results and discussion: In this section, we evaluate the
effectiveness of the proposed framework using noise-free and
noisy ECG signals taken from a standard MIT-BIH arrhythmia
(MITBIHA) database and real-time recorded ECG signals using
Allengers medical system. The MITBIHA database consists of 48
two-channel ECG records recorded at sampling rate of 360 Hz
and 11-bit resolution [21]. The performance of the denoising
methods is evaluated using the real-time acquired ECG signals
digitised with the sampling rate of 256 Hz and 16-bit resolution.
The experimental set-up and acquired ECG signals are shown in
Fig. 6.

In the first experiment, performance of the proposed noise detec-
tion and identification approach is evaluated in classifying single
and combined ECG noises. The results of this experiment are sum-
marised in Table 3. For performance evaluation, the noise-free and
noisy ECG signals corrupted with various noises including BW,
PLI, MA, BW + MA, BW +PLI, and BW + MA + PLI are taken
from the MITBIHA database. Evaluation results show that the pro-
posed noise detection and identification approach can achieve an
average accuracy of 98.59% in classifying different kinds of
single and combined ECG noises.
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In the second experiment, effectiveness of the sparse
representation-based ECG noise removal algorithm using the
noise-aware dictionary learning approach is investigated using a
wide variety of noisy ECG signals. The reconstructed ECG
signals are assessed using both subjective quality assessment test
and objective quality assessment metrics. The objective quality
metrics including the signal-to-noise ratio (SNR), maximum abso-
lute error (MAX), and normalised cross correlation (NCC) are com-
puted for the clean and reconstructed signals which are computed as
SNR = 101log;o[ Y0, (xfn] — o)’/ Yoy (cln] — &)Y |,

MAX; = rnaxyi1 {|x[n] — X[n]|}, and

(1/N) S0 Ixn] = pol Yony (0] — ]

NCC =
UM S ] — prgly (/) S0 (5] — ]

where N is the number of samples in ith cycle, and u, and w, are
mean of the original and reconstructed signal, respectively [22].
These objective distortion metrics quantify the global and local dis-
tortions in the reconstructed ECG signal. In subjective quality test, a
mean opinion score (MOS) is computed based on the ratings
(1-Very Bad, 2-Bad, 3-Good, 4-Very Good, and 5-Excellent)
obtained for the reconstructed ECG signals [22].

For performance comparison, we implemented seven denoising
methods such as wavelet [15], EMD [9], EMD + mathematical
morphology (MM) [14], EMD + wavelet [12], adaptive filter [20],
notch filter [20], and DFT filtering [20] in this work. The denoising
results of the proposed framework and existing methods are shown
in Figs. 7 and 8 for different types of noisy ECG signals. By visual
inspection of local waves of the reconstructed signal, it is noted that
the proposed ECG signal enhancement framework can effectively
remove the noises and preserves morphological features of the
local waves of ECG signal. In most MA removal methods, it is
noted that the amplitude of the QRS complex is not preserved in
the reconstructed ECG signal [11]. Results further show that MA
is not completely removed from the ECG signal. By visual inspec-
tion of the denoising results, it is noted that most BW removal
methods distort the low-frequency components of the ECG
signal. For all types of ECG noises, the proposed framework
results better noise-reduction capability without distorting the mor-
phological features such as amplitude, duration, and shape of the
local waves. Results of the objective quality test and subjective
quality test are summarised in Tables 4-7.

For ECG signals taken from the record 101, 104, 107, 109, 111,
113, 119, 124, 203, and 208 including different kinds of beat
morphologies such as normal, paced, premature ventricular contrac-
tion, left bundle branch block, right bundle branch block, and fusion
beats, and sudden change in QRS amplitudes, irregular heart rates,
sudden changes in morphologies and low-amplitude beats and the
real-time ECG signals. For performance comparison, different
kinds of ECG noise patterns are generated and added to the noise-
free ECG signals [23]. From the results of BW removal methods,
the proposed method achieves better NCC, SNR and MAX
values for most test ECG signals when compared with the wavelet-
based and EMD + MM-based methods. From results summarised in
Table 4, the proposed MA removal method outperforms EMD and
EMD + wavelet in terms of NCC, SNR, and MAX values. Table 5
demonstrates the effectiveness of the proposed method for the ECG
signals taken from the record 102, 106, 109, 111, 118, 123, 203,
208, and the real-time ECG signals. Table 6 shows the performance
of the methods for simultaneous removal of BW and PLI noises
from ECG signals. The proposed method outperforms the
DFT-based method in removal of BW plus PLI noise. From the
quality assessment results summarised in Table 7, it is observed
that the proposed method can achieve better noise reduction mean-
while preserving the morphological content for combined noise
sources (BW + MA and BW + MA + PLI).
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Table 5 Performance comparison for PLI removal

Rec. Adaptive filter LMS [20] Notch [20] Proposed method
SNR MAX NCC MOS SNR MAX NCC MOS SNR MAX NCC MOS
102 21.28 0.14 0.995 4.78 26.39 0.09 0.999 4.79 27.78 0.05 0.999 4.96
106 23.45 0.17 0.998 4.86 28.66 0.10 0.999 4.89 28.61 0.08 0.999 491
109 29.88 0.11 0.999 5.00 34.09 0.10 1.000 491 36.70 0.05 1.000 5.00
111 22.91 0.08 0.997 4.81 28.79 0.10 0.999 4.83 35.31 0.04 1.000 5.00
118 24.15 0.08 0.998 4.87 27.63 0.10 0.999 4.72 34.86 0.03 1.000 5.00
123 29.05 0.10 0.999 4.98 30.13 0.10 0.999 4.92 35.01 0.06 1.000 4.99
203 28.08 0.09 0.999 5.00 34.27 0.10 1.000 4.95 36.89 0.05 1.000 5.00
208 27.47 0.20 0.999 4.99 32.08 0.10 1.000 4.94 3291 0.06 1.000 5.00
Sub.3 24.55 0.19 0.992 4.84 24.61 0.09 0.997 4.78 29.65 0.07 0.998 4.83
Sub.4 22.15 0.11 0.991 4.78 34.09 0.12 0.998 4.89 31.44 0.05 0.994 493
Avg. 25.30 0.13 0.997 4.89 30.07 0.10 0.999 4.86 32.92 0.05 0.999 4.96
Table 6 Performance comparison for BW + PLI removal
Rec. DFT [20] Proposed method
SNR MAX NCC MOS SNR MAX NCC MOS
102 12.39 0.25 0.971 4.25 20.90 0.21 0.995 493
109 20.08 0.26 0.995 4.72 23.75 0.35 0.996 493
111 12.68 0.26 0.973 4.16 22.09 0.21 0.997 4.98
119 16.86 0.26 0.989 437 23.83 0.30 0.997 5.00
124 17.92 0.27 0.990 4.51 22.43 0.33 0.995 4.99
203 17.96 0.24 0.992 4.59 23.61 0.27 0.997 4.97
208 19.35 0.23 0.994 4.83 2333 0.34 0.997 4.98
Sub.5 13.55 0.28 0.971 4.07 21.49 0.24 0.994 4.84
Sub.6 15.17 0.22 0.964 4.18 23.61 0.28 0.995 4.89
Avg. 16.22 0.25 0.982 441 22.78 0.28 0.996 495
Table 7 Performance of the proposed method for BW + MA and BW + MA + PLI removal
Rec. For BW + MA removal For BW + MA + PLI removal
SNR MAX NCC MOS SNR MAX NCC MOS
101 13.18 0.33 0.979 4.14 13.13 0.34 0.978 4.19
104 13.26 0.54 0.976 4.11 13.37 0.50 0.977 4.15
109 18.46 0.31 0.993 4.69 18.40 0.32 0.993 4.82
119 16.28 0.50 0.989 4.57 16.25 0.50 0.989 441
124 16.05 0.49 0.987 4.52 16.03 0.50 0.987 4.59
203 16.94 0.41 0.990 4.81 16.93 0.41 0.990 4.67
208 15.23 0.93 0.985 4.78 15.12 091 0.984 4.41
Sub.7 15.54 0.44 0.991 4.62 14.37 0.64 0.964 4.64
Sub.8 16.44 0.38 0.993 445 15.12 0.87 0.983 4.48
Avg. 15.71 0.48 0.987 4.52 15.41 0.55 0.983 4.48
In the third experiment, the computational complexity analysis is 4. Conclusion:  This  Letter presents a  noise-aware

performed by implementing the denoising methods on intel
i5-4210U CPU @ 1.70 GHz-2.40 GHz with 4 GB of RAM and
MATLAB software. The computational time for each of the denois-
ing methods are shown in Tables 1 and 2. Although the computa-
tional time of the existing methods such as wavelet, EMD, EMD
+wavelet, DFT, adaptive filter, notch filter, is lesser than the
proposed framework, the existing methods had poor denoising per-
formance in removal of single ECG noise. However, the proposed
noise-aware dictionary-learning-based sparse representation can
reduce the computational time when compared with the
conventional sparse representation on over-complete mixed dictionar-
ies. In the future directions, we further study the computational load
by implementing the proposed framework on embedded processors.
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dictionary-learning-based generalised ECG signal enhancement
framework for automatically detecting and removal of single and
combined noises such as BWs, power-line interference, muscle
artefacts and their combinations. The proposed framework
consists of three major steps: noise detection and identification,
noise-aware dictionary learning, sparse signal decomposition and
reconstruction algorithms. The proposed framework is evaluated
on the noise-free and noisy ECG signals taken from the MIT-BIH
arrhythmia database and the real-time acquired ECG signals. The
quality assessment results show that the proposed framework
outperforms existing DFT, wavelet, EMD, wavelet and EMD,
EMD and MM, and adaptive filtering methods in automatically
detecting and removing single and combined noises
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simultaneously without distorting the morphological content of
local waves of the ECG signal. Results further demonstrate that
the proposed framework based on noise-aware dictionary-learning
approach can significantly reduce computational load when
compared with conventional sparse representation on over-
complete mixed dictionaries.

5. Funding and declaration of interests: Conflict of interest: none
declared.
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