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Abstract
Objective noise metrics such as the signal to noise ratio
and the root mean squared value, are not always related to
the actual impact that noise can have on the clinical evaluation of cardiac signals. This work is intended to design
a database along with a set of criteria to be used as an
initial solid gold-standard of noise severity within a scale
created from the clinical point of view. Different from previous approaches, we used recordings from external cardiac event recorders, which have a signal morphology and
characteristics typical for the usual Holter monitoring devices. These recorded events often correspond to noise
segments, which makes simpler the retrieval of a variety
of signal segments with real noise examples. We generated a database recordings from 8 patients (4 female and
4 male with a clinical indication for long-term monitoring,
64.75±25.44 years old). In a first attempt, a set of rules for
clinical quality recording were initially defined by a cardiologist, so segments with clear clinical description were
categorized into free, low, moderate, hard, or other noise.
Segments with unclear description are set apart for revision. This process was iterated until convergence of expert
opinion and labels. A specific software tool was created
and modified for supporting the process for each iteration.
The relative duration of the different kinds of noise in both
leads according to their clinical severity was: 4h 14m 15s
(free, 37.32%), 2h 54m 52s (moderated, 25.67%), 2h 21m
46s (hard, 20.81%), 1h 43m 13s (low, 15.15%) and 07m
07s -other- (1.05%). The generated database and criteria represent a valuable gold standard for clinical quality
evaluation of noise impact on ECG signals.

1.

Introduction

Electrocardiogram (ECG) signals recorded in portable
devices like Holter are highly sensitive to different types
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of noise, and the corrupted segments need to be identified in order to avoid false diagnoses. The duration of
the recorded signal in long-term monitoring devices (LM)
may be several times higher than the obtained in usual 24h
recordings, thus increasing the possibility of noisy records.
Intensive signal processing with reasonable computational
times is required in this setting for accurate noise detection. Many studies have evaluated noise detection algorithms with sets of ECGs from public repositories, such as
the MIT-BIH Arrhythmia Database (MITDB) or the MITBIH Noise Stress Test Database (NSTDB) [1, 2].
In order to mimic real noisy recordings and to prove
different preprocessing methods, clean ECGs are usually
corrupted with usual types of noise, like baseline wander (BW), muscle artifact (MA), electrode motion (EM) or
50-60Hz powerline interference and with different magnitudes of them [3].
Previous works in the literature rely on mathematical
and quantitative ECG noise measurements, such as root
mean square (RMS) or signal to noise ratio (SNR) [4, 5].
However, these usual measurements may be insufficient in
clinical environments, as far as sometimes a moderate SNR
can barely affect the ECG morphology, whereas similar
SNR in different conditions will dramatically decrease the
signal quality and prevent a reliable diagnosis. Therefore,
we focused on creating a noise classification based on its
clinical impact, rather than power noise and signal magnitude descriptions, which may be more quantitative but
often are not closely related to the ability of interpreting
all or some characteristics of the distorted ECG segments
from a clinical point of view.
For this purpose, our first step, presented in this work,
was to generate a clinical gold-standard for evaluating
noise severity in ECG Holter recordings, independently of
previous quality measurements, such as the SNR or RMS
based ones. The problem was approached in two steps:
first, a library of noise examples was compiled, using a set
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Figure 1. Example of the application used for the iterative process for labeling the event Holter recordings from 2 patients
in terms of its noise and impact on the diagnosis quality of the ECG. In red, low noise (type 1) where P and T waves and
the QRS complexes are readable; in green, moderated noise (type 2) where only the QRS complexes are reliably identified,
and in yellow, hard noise (type 3, QRS complexes were not clearly recognizable). ECG Segments from Patient 5 (upper
panel) and from Patient 8 (middle and lower panel).
of real ECG signals obtained from a long-term Holter event
recorder; second, a set of criteria were defined and validated in this database, which can be used both for knowledge extraction and to be extended it in the future.
The scheme of the paper is as follows. In the next
section, we describe our patient database and the generated software to visualize and to label the Holter recordings. Then, in Section 3, the results are presented and the
achieved noise classification criteria are summarized. Section 4 includes the discussion of the results and the conclusions of the present work.

2.

Methods

Instead of using conventional 24h ambulatory Holter
monitoring devices, which perform a continuous, longterm recording of the ECG signal, we used data from
patients with a long-term external event recorder (EER).
These devices perform a continuous ECG ambulatory
monitoring and analyze the signal in real time looking for
QRS complexes. Arrhythmic events detection is based
on the rate and regularity of the QRS series and a short
ECG strip is recorded when such an event is suspected
[6]. Muscle or motion artifacts are often misinterpreted as
QRS complexes by the device and detected as arrhythmias.

Therefore the recorded strips are more likely to contain and
show noisy segments than the obtained in other kinds of
monitoring devices and provide an ideal tool for assembling a database to configure a noise classification. We
used the standard configuration in EER devices, in which
every detected event (correctly or incorrectly interpreted
as arrhythmic) triggers an automatic recording for 30 to
300 seconds, and occasionally longer. EER recorders were
used for the ECG signal registering, namely, the SpiderFlashT from Sorin Group. Sampling frequency was 200
Hz. The system has 3 electrodes, yielding 2 signals for
subsequent analysis. Our database consisted of data from
8 patients (4 women and 4 men, 64.75 ± 25.44 years) who
had been referred to our Arrhythmia Department in the
University Hospital Virgen de la Arrixaca (Murcia, Spain)
for palpitation, syncope or presyncope evaluation.
The following methodology was followed for providing with the description and labelling of the noise severity. First, an expert cardiologist proposed an initial qualitative description of noise degrees in Holter recordings in
terms of its impact on the clinical diagnosis of basic parameters, such as waveforms distortion on the ECG. Then,
a trained expert followed these criteria for manually labeling 200 ECGs randomly selected from the available in our
patient database. Complicated cases were subsequently re-

Figure 2. Isolated examples of types of noise according to the initial classification: noise free (type 0), low noise (type 1),
moderate noise (type 2), hard noise (type 3) or other noise (type 9).

vised and several criteria were adjusted. After some few
iterations and feedback among the experts and by using
a specifically developed interface, the final set of criteria
were settled and the complicated cases were relabelled.
A specific software tool was developed using MatlabR ,
and based on the iterative process and on the clinical experts suggestions during its use. The visualization interface provided the selected record, divided in 4 panels of
15 seconds (time in x-axis, amplitude in y-axis) and indicating the label and time of that record. In every example,
the operator was able to save the noise type of the selected
segments. The interface (see Fig. 1) also allowed: (1)
to select the desired lead to identify types of noise; (2) to
zoom the detailed beat morphology in a new window of
selected segment; (3) to move for and backward inside the
same recordings; (4) to select and remove the noise labels
in each segment, and (5) to re-scale the y axis to high amplitude noise.

3.

Results

The initial description of noise classification in terms of
clinical severity was the following:
• Noise free (type 0): segment without noise.
• Low-noise (type 1): noisy segment but P and T waves
and the QRS complexes are readable.
• Moderated-noise (type 2): noisy segment in which only
the QRS complexes are reliably identified.
• Hard-noise (type 3): noisy segment where the QRS com-

plexes were not clearly recognizable.
• Other-noise (type 9): calibration pulses and straight
lines due to complete absence of signal or amplifier saturation.
Figure 2 shows several typical examples of these noise
types. In the type 1 example, the SNR is probably low, but
P and T waves can be readily recognized. In the type 2, the
SNR is likely high if we quantify it in terms of signal and
noise power, however, it has an impact on the waveform
which makes hard to retrieve P and T waves, specially in
some of the beats. In the type 3 example, the noise is strong
enough to hide even the QRS complexes.
Changes from one to other type of noise are frequent,
may be smooth or sharp, and the transitions are not always
easy to be automatically identified. Figure 1 shows three
segments of recorded ECGs from 2 patients with different types of noise one after the other. Again, in the type
1 noise at the upper panel (in red), the ECG morphology
(P and T waves, PR and QT segments, QRS complexes)
can be reasonably evaluated, even though there is some
BW (which in this case could be easily filtered out). In the
middle panel, we can observe a signal segment with different noise types, which in general should be described by
a quantitatively high SNR, whereas we find type 3 hardnoise (in yellow) that prevents QRS recognition, as well as
type 1 and type 2 noise. At the bottom panel, a signal segment is shown with continuous type 3 noise, followed by
type 2 noise (in green, only QRS readable), and by a lownoise segment (type 1). All the signals were continuously

Table 1. Duration (in seconds) of every type of noise in Lead1 (left) and Lead 2 (right).
No pat
Pat1
Pat2
Pat3
Pat4
Pat5
Pat6
Pat7
Pat8

Total duration
2843,00
2433,00
2854,00
1673,00
4214,06
2134,00
1172,00
3114,00

Free
1925,46
651,64
441,89
790,85
2142,64
808,96
365,05
500,75

Low
690,07
608,67
636,78
73,93
2065,23
504,64
391,64
591,52

Moderated
178,01
687,60
851,18
385,82
0,75
556,36
363,09
1023,30

Hard
44,44
466,37
911,04
417,76
0,24
139,64
38,36
986,23

labeled by determining which type of noise was present
at each signal segment. Some specific rules were documented, but they are not included in the present work.
With the progress of the analysis the previous definitions
were refined and modified to better describe the clinical
impact of the noise. First, most arrhythmic events must last
a minimum of several seconds to be clinically significant.
Thus, at least 3 consecutive beats with the same type of
noise are required for classifying a noisy segment. In addition, when doubts between 2 types of noise were present,
the general rule was to classify the segment as having the
higher level of noise. According to the specific rules and
to the previous modifications, we finally defined 4 types of
noise, changing the following definitions:
• Type 1: some noise is present, but P and T waves and
QRS complexes are readable and their morphology can be
ascertained.
• Type 2: Only the QRS complexes can be reliably identified, at least in 3 consecutive beats.
We note that this final classification is closely related
to the provided in other references (e.g. [2]). However,
in contrast to other work, our database includes a continuous running labeling of all the signals. Therefore, after
achieving a uniform criteria and classifying all the EER
segments in these types of noise, we obtained a running
Noise Typology Gold-Standard. Table 1 shows with detail the duration of each type of noise in each patient and
for each lead in the EER. Overall, the duration of different
types of noise for Lead 1 was (in hours:minutes:seconds):
2:07:07 (37,32%) for noise free (type 0), 1:32:43 (27,22%)
for moderate noise (type 2), 1:07:26 (19,80%) for hard
noise (type 3), 50:04 (14,69%) for low noise (type 1) and
3:17 (0,97%) for other-noise (type 9). In the case of Lead
2 the results were: 2:07:08 (37,32%) for noise free (type
0),1:22:10 (24,12%) for moderate noise (type 2), 1:14:20
(21,82%) for hard noise (type 3), 53:09 (15,60%) for low
noise (type 1) and 3:50 (1,14%) for other-noise (type 9).

4.

Conclusions

Ambulatory Holter recordings are commonly corrupted
by noise ECG segments that can interfere with accurate
clinical classification. Different to other studies, which

Other
5,03
18,73
13,13
4,65
5,21
124,41
13,88
12,21

Free
2203,58
655,46
511,72
607,39
1975,19
789,07
413,63
471,88

Low
366,54
587,58
314,92
70,29
2232,69
562,82
381,29
413,52

Moderated
240,62
699,83
856,54
600,52
0,75
516,11
342,08
1203,89

Hard
27,24
471,40
1127,66
390,36
0,24
138,53
21,33
1012,32

Other
5,03
18,73
43,17
4,45
5,21
127,48
13,68
12,41

make the analysis by adding artificial noise to a baselineclean ECG for working with know signal to noise ratio,
our approach used a real EER database with noisy and
clean recorded segments. The annotated database and the
proposed classification are based on the clinical needs for
ECG interpretation and may be more useful for testing automatic classifiers than other noise descriptions based just
on the level of the SNR estimated by mathematical algorithms.
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