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Abstract—After acquisition of new clinical electrocardiogram
(ECG) signals the first step is often to preprocess and have
a signal quality assessment to uncover noise. There might be
restriction on the signal length and other issue that impose
limitation where it is not possible to discard the whole signal
if noise is present. Thus there is a great need to retain as much
noise free regions as possible.

A noise detection method is evaluated on a manually annotated
subset (2146 leads) of a data base of 12-lead ECG recordings
from 1006 bicycle race participants. The aim is to apply the
noise detector on the unlabelled part of the data set before any
further analysis is conducted. The proposed noise detector can
be divided into 3 parts: 1) Select a high frequency signal as a
base signal. 2) Apply a thresholding strategy on the base signal.
3) Use a noise detection strategy.

In this work receiver operating characteristic (ROC) curve
and area under the curve (AUC) will be used to assess a high
frequency noise detector designed for ECG signals. Even though
ROC analysis is widely used to assess prediction models, it has
its own limitation. However, it is a good starting point to assess
discriminatory ability.

To generate the ROC curve the performance evaluation is
based on sample-level. That is, each sample has a label whether
it is noise or not. The threshold strategy and the chosen threshold
will be the varying factor to generate ROC curves. The best model
has an average AUC of 0.862, which shows a good detector to
discriminate noise. This threshold strategy will be used for noise
detection on the unlabelled part of the data set.

I. INTRODUCTION

A challenge with the handling of clinical electrocardiogram
(ECG) signals is to identify noise regions that are present in
parts of the signals. This is especially challenging with data
sets of several thousand ECGs, which is the case in this work.
Denoising, i.e. removing the noise that can be removed, and
identify regions with noise that are impossible to remove must
be done before any clinical interpretation can be drawn from
the data material. Otherwise the noise may literally interfere
with the veracity of the interpretation.

The importance of the resolution of the noise detector
depends on which stage, from the acquirement to assessing
the ECG signal, the noise identification is done. During
acquisition, the signal quality assessment could use relative
large segments of for example 10 s to evaluate the quality of

the signal [1]–[4], i.e. the detection is done on segment-level.
In this stage there is the luxury of remeasuring possibility
if the signal quality is unacceptable. However, often another
assessment is done after the entire data material is collected,
and it is not possible to redo the ECG recording of a specific
person. In this case, the noise detection should be much more
localized, so to be sure not to discard signals that can be
useful in clinical interpretations. A possible approach will
be to develop and evaluate a noise detector on a manually
annotated subset (2146 segments) of the complete data set.
Furthermore, the best performing noise detector can be applied
to the unlabelled part of the data set before any further analysis
is conducted.

At this point it is desirable to remove noise to enhance the
signal quality. Though, since there is always an overlapping
in frequency bands between important information and noise,
some information is expected to be lost.

Recommendation on preprocessing methods to remove
baseline wander, powerline interference and high frequency
noise can be found in [5].

One method to identify severe noise in the high frequency
area is to extract a high frequency signal from the original
signal and identify abnormality in the extracted signal. Ab-
normality could be the presence of large energy in the high
frequency specter for a section of the signal compared to other
sections. Various methods to extract the high frequency signal,
not limited to these, are a highpass filter, stationary wavelet
transform (SWT) [6], also known as algorithme à trous, and
empirical mode decomposition (EMD) [2], [7]. The differences
between the high frequency signals produced are relatively
small when juxtaposed as shown in figure 2.

In the literature noise detection in ECG is usually done on a
segment-level, where segments typically have a duration of 10s
[1]–[4]. For the purpose of this work the noise localization is
defined at a sample-level, where each sample will be labelled
as noise/not noise, permitting better exploitation of the data
set.

The proposed noise detection is a 3 parts dissection of a
method proposed by Satija et.al. [8]. That is: 1) Extract a high
frequency signal, base signal, to use as an input. 2) A threshold
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Fig. 1. Block diagram for noise detection. ECG is fed into a high frequency
extractor to extract a base signal. Then a threshold strategy is applied and in
the end a detection strategy is used. Noise regions are the output.

strategy on the base signal. 3) Using a detection strategy on
the thresholded signal. The similarity of both methods is the
first step, i.e extract a base signal. In this case the authors use
a composition of the 3 first intrinsic mode functions (IMFs) of
a complete ensemble empirical mode decomposition (EMD)
[9] to detect high frequency noise. In the two other steps the
authors have intertwined the threshold- and detection strategy.
With the unraveling of the steps it should be clearer what is
happening under the hood.

The proposed method will be assessed with receiver oper-
ating characteristic (ROC) and area under the curve (AUC)
parameter [10]. The performance evaluation used to generate
ROC curve is based on sample-level and not segment-level.

II. DATASET

The data set used is from The North Sea Race En-
durance Exercise Study (NEEDED), ClinicalTrials.gov iden-
tifier: NCT02166216. It contains data measured from 1006
participants in a bicycle race from Egersund to Sandnes in
Norway. The length of the race is 91 km, and is a unique
study with the largest number of collected ECG samples from
assumed healthy individuals recorded.

For each participant in the study 3 measurements of 12-lead
ECG were taken, 1 day before the race, 3 hours after reaching
the finish line, and 24 hours after the race. The duration of
ECG is 10 s for each episode. The sampling frequency is
600 Hz. And the conversion factor from raw data to mV is
3.75/1000 mV.

Because there exist only one recording of each day, and
the main motivation of the NEEDED study is to study the
ECGs across the days to discover potentially changes in the
morphology, it is crucial to not reject the entire 10 s segment
when only some regions contain severe noise.

This work uses a subset of the data, and there are 3 different
noise classes depending on the severity of the noise. The
annotations of 2146 ECG leads were done by two clinicians.
Before a final consensus each clinician worked separately.

III. PROPOSED METHOD

In this section the main step of the proposed method will
be explained. Figure 1 shows a block diagram of the proposed
method. The main difference between Satija’s method [8], [11]
and the proposed method is the unraveling of the intertwined
of threshold- and detection strategy in Satija’s.

Fig. 2. Comparison between high frequency signal. From top to bottom shows
the source ECG signal, first intrinsic mode function, level 1 detail coefficient
of SWT with “db2” wavelet, level 1 detail coefficient of SWT with “bior1.5”
wavelet, an IIR order 2 butterworth highpass filter, fc = 75Hz, and finally
Wiener (variance) base signal.

A. Base Signal

Extracting a high frequency base signal is the first step in
the noise detection algorithm.

The main job of the base signal is to suppress characteristic
waves, such as QRS complexes, P- and T waves, in ECG
and enhancing noise. Ideally this would be a highpass signal.
However, since QRS complexes also contain high frequency
it is not possible to fully suppress QRS complexes.

The different base signals used in this work are: 1) first
intrinsic mode from EMD, 2) first level detail coefficient of
SWT, 3) a highpass signal from a highpass filter and 4) a base
signal derived from a Wiener denoising scheme which will be
described in the next subsection. The base signals are shown
in figure 2.

B. Threshold Strategy

As can be seen from figure 2, the base signals contain
more energy, and have higher amplitudes in noisy parts of
the ECG. Thus a thresholding strategy on the base signal can
be used to discriminate the severe noise areas. The choice of
the appropriate threshold can be viewed as a choice of signal
to noise (SNR) ratio considered to be acceptable.

For a ROC analysis, an exact threshold is not important.
What is important is what type of threshold is used. A strategy
is to use a fixed threshold, tfix based on physical properties
[8], [11]. Thus to generate the ROC curve an additive offset
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could be used. Such that the threshold, tth, used in the method
becomes tth = tfix + ∆ where ∆ is the offset.

Though, one could also use an adaptive threshold based
on the signal properties. One such adaptive approach based
on wavelet shrinkage (denoising method) is the universal
threshold [12] which is defined as

tuni = σ0
√

2 ln(N) (1)

where N is the length of segment and σ0 is the standard
deviation of the (Gaussian zero mean) noise. σ0 is often
unknown, but can be estimated:

σ̂0 ≈
median(|x(n)|)√

2erf−1( 1
2 )

(2)

where erf is the Gauss error function and x(n) is the detail
coefficients. However, x(n) can also be any highpass signal.

To generate the ROC curve with this threshold a multi-
plicative offset could be used. This is because

√
2 ln (N) is

basically a multiplicative factor. Thus the resultant threshold
becomes tth = tuni∆.

With the two thresholds described above a hard thresholding
rule [12] is applied on the base signal x(n) such that the new
signal x∗(n) is defined as

x∗(n) =

{
0, if |x(n)| < threshold
x(n), else

(3)

The idea with wavelet shrinkage is to filter out details
which has low amplitude. Details with high amplitude are
untouched. Therefore these are the high frequency which
should be detected. Hench everything that is not in the signal
x∗(n) is declared as noise.

Since wavelet shrinkage is a denoising method, another view
on the matter is to determine how much denoising should be
allowed. This can be done by defining a function, w(n), which
controls how much the detailed parts should be attenuated,

x∗(n) = x(n)w(n) (4)

Thereafter a threshold is applied on w(n) instead of x(n).
w(n) can be regarded as the new base signal. w(n) can be
defined in different ways. A possible strategy, applied in this
work is to calculate the variance of a sliding window. This is
because high variance is related to noise. This approach will
be similar to Wiener denoising method [13]–[16].

Let σ2
L(n) be the (sample) variance of a window with length

L at sample n:

σ2
L(n) =

1

L

(L−1)/2∑
k=−(L−1)/2

(x(n− k)−mL)2 (5)

mL is the sample mean of the window. Where the window
length is odd. Defining now σ2(n) as the minimum variance
of σ2

L(n) with different L = 3, 5, 7, 9, w(n) can be found as

w(n) =
σ2(n)

σ2(n) + σ2
0

(6)

Fig. 3. Visualization of noise detection. a) A zoom base signal (Highpass
filter). b) Mask of noise region after thresholding (Fixed thresholding). c)
Merge adjacent noise region in a neighborhood εth,1. d) Remove noise regions
where the duration is less than dth. e) Merge adjacent noise region in a
neighborhood εth,2.

where σ2
0 is the variance of (unknown) noise [14]–[16]. σ2

0

can also be viewed as an acceptance noise variance factor.
A fixed threshold or the universal threshold with the hard

thresholding rule could now be applied to the base signal w(n).

C. Detection Strategy

The detection strategy is defined as the steps which describe
how to detect noise from the thresholded base signal x∗(n).
A continuous non-zero amplitude of x∗(n) is defined to be
noise.

The proposed detection strategy is to 1) Merge adjacent
region in a neighborhood of εth,1. 2) Remove regions where
the duration is less than dth. 3) Merge adjacent region in a
neighborhood of εth,2. Step 2 reduces the chance of detecting
QRS complexes as noise. A visualization of the intermediate
results of the noise detection strategy is shown in figure 3.

Equivalent rules to Satija’s method of thresholding [8], [11]
is to merge adjacent region in a neighborhood of 50 ms and
extends regions with 50 ms each on both sides, then remove
regions where the duration is less than 350 ms.

D. Receiver Operating Characteristic (ROC)

For ROC curve generating an offset is added or multiplied
to the threshold to calculate sensitivity/true positive rate (TPR)
and specificity/true negative rate (TNR). The ROC curve is the
plot between 1 - TNR vs. TPR. A good ROC curve is a curve
closest to the point (0, 1), the upper left corner [17]. A bad
ROC curve is a curve that is close to the line y = x (line of
equality) or beyond.

IV. EXPERIMENT AND RESULT

In the experiment the EMD base signal is based on com-
plete ensemble EMD [9] with 10 ensembles, Gaussian noise
standard deviation is 0.001, and the stopping criterion uses
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TABLE I
AREA UNDER THE CURVE, GENERATED FROM FIXED THRESHOLD WITH

ADDITIVE OFFSET.

subset 0 1 2 3 4 5
db2 0.821 0.878 0.835 0.851 0.856 0.850
bior1.5 0.821 0.904 0.856 0.878 0.862 0.851
HP 0.820 0.875 0.832 0.852 0.850 0.850
EMD 0.826 0.886 0.835 0.856 0.862 0.862
Wiener 0.822 0.870 0.831 0.848 0.856 0.848

Huang’s standard deviation test [7] where the standard devi-
ation is 0.001. Only the first IMF is used. Two SWT base
signals will be used. The wavelets used in decomposition
are “db2” and “bior1.5”. For the highpass filter the cutoff
frequency is fc = 75 Hz. In the Wiener base signal an
acceptance noise variance is set to σ2

0 = 1. Detection strategy
parameters used are εth,1 = 75 ms, εth,2 = 125 ms, and
dth = 350 ms.

To generate ROC curves a subset of 2146 annotated ECG
segments are used. Further on this subset is divided into 6
disjointed (almost equal sized) subsets. The 3 noise classes
are merged into one class. The elements in the subsets are
randomized without balancing with respect to the 3 classes
nor the merged class. The subsets are not restricted to mutally
exclusive contain data from one person within a day or for
all 3 days, i.e. different subsets may contain different leads
within a day or for all 3 days from the same person.

Area under the curve is calculated using the composite
trapezoidal rule. Figure 4 and 5 shows average ROC curves
with fixed and universal threshold respectively. Table I and II
show the area under curve for each subset.

Fig. 4. Average ROC curve, generated from fixed threshold with additive
offset.

V. DISCUSSION

From the fixed threshold with additive offset, the data subset
1 has the highest AUC, as shown in table I. The highest
achievable AUC of 0.904 is attained with the “bior1.5” base
signal. Subset 0 has lowest AUC of 0.820 with the highpass

Fig. 5. Average ROC curve, generated from universal threshold with multi-
plicative offset.

TABLE II
AREA UNDER THE CURVE, GENERATED FROM UNIVERSAL THRESHOLD

WITH MULTIPLICATIVE OFFSET.

subset 0 1 2 3 4 5
db2 0.668 0.643 0.603 0.648 0.674 0.834
bior1.5 0.797 0.794 0.736 0.787 0.779 0.870
HP 0.652 0.604 0.589 0.634 0.670 0.829
EMD 0.633 0.601 0.612 0.634 0.681 0.837
Wiener 0.615 0.603 0.570 0.600 0.642 0.829

base signal. Table I shows that the variation between the AUC
within a subset between the base signals is minimal. The
variation between AUC, between the subsets are some what
consistent.

For the universal threshold with multiplicative offset as
shown in table II, the subset 5 has the highest AUC of
0.870. This is attained with the base signal “bior1.5”. The
lowest AUC can be found in subset 2 with a value of 0.589,
from the highpass base signal. Variation of AUC between the
base signals within a subset appears to be minimal, with the
exception of “bior1.5” base signal. This base signal shows a
much greater AUC as reflected in figure 5 compared to the
other base signal. The variation between AUC, between the
subsets are not consistent. Subset 5 seems to have much greater
AUC than the rest.

Juxtaposing the tables and figures of the result, it is easily
to identify that the fixed threshold is a viable choice. An AUC
between 0.8 and 0.89 [17] shows a good model to detect noise.
The fixed threshold is better than the universal threshold to
discriminate noise.

For threshold selection the optimum point is the point where
the minimum distance line (dashed line in figure 4) intersects
with the ROC curve [17], [18]. From figure 4 “EMD” base
signal has the best optimum point as it lies closer to the
point (0, 1), but the AUC of “bior1.5” is greater than “EMD”.
This is a limitation of ROC curves [18], which makes picking
between “bior1.5” and “EMD” not as obvious. In terms of
computational speed “bior1.5” is the preferred base signal.
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One important result is the similarity of the ROC curves
with the fixed threshold. There is a best base signal in terms
of average AUC, however for a different criteria including
computational complexity and simplicity in implementation
there are other viable choices.

Balancing and various restriction imposing on the subsets
do not change the average- ROC curves and AUC significantly.
Nevertheless to do a proper balancing of the classes is difficult
in a sample-level evaluation. This is because an ECG segment
may contains different noise classes whose durations vary.
Restricting the subsets to mutally exclusive contain data from
one person within a day or for all 3 days have been tested
and the results do not change, i.e. the variation between AUC,
between the subsets are some what consistent.

VI. FURTHER WORKS

The main limitation of the proposed noise detection is
that it cannot detect noise with shorter duration than the
threshold dth. To tackle this deficiency, new methods need to
be developed. Until now the focus has been noise detection.
However, one is more interested in which (usable) region is
not subjected by noise, or a reconstructed region, such that it is
possible to extract features. To reconstruct a region, a leader-
follower clustering algorithm [19] could be used to extract the
dominant QRS complex. However, a signal duration of 10s
is a limitation. If there exists noise already covering most of
the duration of the signal it is not always possible to create
a dominant cluster. Even if there exist a dominant cluster, the
QRS-morphology might not be the desired one.

VII. CONCLUSION

The fixed threshold (with additive offset) model gives an
overall much better AUC, suggesting it can discriminate noise
better than the universal threshold (with multiplicative offset).
The average ROC curves between the base signals are quite
similar. However, the best base signal is “bior1.5” with an
averaged AUC of 0.862. The “EMD” base signal has a better
optimal point. Though, overall with computational speed taken
into consideration “bior1.5” is the preferred choice. Though,
other base signals are also viable when other criteria is
used such as simplicity in implementation and computational
complexity. The “bior1.5” base signal with the fixed offset will
be used on the whole data set for further works.
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