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Abstract: While metrics such as SNR (signal-to-noise ra-
tio) and ASC (application-specific capacity) can be used to
describe signal quality quantitatively, they do not allow qual-
itative assessment. If only the SNR of a signal is given, it is
not clear for which applications it is suitable. The subjective
evaluation of signals by application experts, on the other hand,
can provide such a qualitative assessment, but it is not repro-
ducible. In this study, we investigate the relationship between
these easily computable metrics such as SNR and ASC and
the subjective evaluation of cardiologists using MCG signals
as an example. To do this, we define four quality classes and
generate a collection of noisy prototype signals. The cardi-
ologists’ assessments are then compared with the SNR and
ASC of each signal. Due to the small amount of data, we only
use a linear regression to predict quality classes based on com-
mon quantitative metrics. The achieved coefficients of deter-
mination are R%yp = 0.612 and R} g = 0.593. In perspec-
tive, it is therefore plausible to analytically calculate the qual-
ity class of a MCG sensor system from the system character-
istics with the support of a larger cohort of cardiologists. This
will allow sensor system manufacturers to optimize their sys-
tems more efficiently for specific applications, enabling faster
innovation loops at lower cost. For users of sensor systems, it
will simplify the selection of the most suitable system for their
application.
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1 Introduction

The rapid development of biomagnetic sensors (e.g. [1-4]) has
created the need for an intuitive sensor evaluation. While it
is relatively easy to compare sensors using standard specifi-
cations such as sensitivity, power spectral density (PSD), and
bandwidth, it is not trivial to find appropriate metrics to evalu-
ate a sensor for specific applications such as magnetocardiog-
raphy (MCG). Using quantitative metrics such as SNR (signal-
to-noise ratio), or ASC' (application-specific capacity) [5], it
is possible to consider a sensor system within a biomedical
application. However, it is still difficult to interpret the result-
ing values in a meaningful way. While we know that higher
SNR/ASC values correspond to a better signal, it is not clear
at what particular point a sensor system becomes clinically rel-
evant. On the one hand, sensor manufacturers have difficulties
assessing how to modify their product to make it more suit-
able for certain applications, and on the other hand, users find
it challenging to choose the sensor system that is best suited
for their application.

The simplest solution would be to show a signal recorded
by a particular sensor system to an application expert, e.g., an
experienced cardiologist in the case of MCG, who can then
assess its suitability for the application. Unfortunately, this is
usually not reproducible, as the assessment varies from cardi-
ologist to cardiologist. Even the same person may assess the
quality of the same signal differently at different times. There-
fore, it is not practical to have an expert evaluate each iteration
of a sensor system.

For this reason, we strive to create a model that combines
the familiar and easy-to-measure metrics with the easier-to-
understand but difficult-to-quantify expert opinions. For this
purpose, we define four quality classes. In a survey, different
cardiologists are then shown noisy MCG signals and asked to
assign them to one of the quality classes. Finally, we adapt a
linear model to predict quality classes from the power spectral
density of signal and noise, eliminating the need to involve
application experts for future sensors.

Although this approach is applicable to other biomagnetic
measurements such as MEG (magnetoencephalography), we
focus on MCG in this work. This is because the heart gener-
ates the strongest biomagnetic field in the human body [6] and
therefore this particular application is suitable for a variety of
magnetic field sensors.
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2 Methods

Quality Classes

Following the, currently internal, International Telecommuni-
cation Union (ITU) definition for quality classes of telecom-
munication sensor systems, we define the following classes for
the quality of MCG sensor systems:

1. A sensor system of quality class one can be used to per-
form all routine assessments without effort. For this, every
detail of the measured signal must be clearly visible and
free from noise.

2. A sensor system of quality class two can be used to per-
form most common clinical assessments, except those that
rely on small details of the measured signal (e.g., the
shape of the P wave or subtleties of the QRS complex and
T wave).

3. A sensor system of quality class three can only be used
for diagnosis based on very rough MCG morphology such
as the periodicity and amplitude of the largest part of the
measured signal (usually the R peak).

4. A sensor system of quality class four is not suitable for
medical diagnosis, e.g., due to excessive noise in the mea-
sured signal.

Parameters

The performance of a sensor system depends on three param-
eters. The desired input signal v(¢), the additive noise term
caused by unwanted signals, and the post-processing steps ap-
plied. With an MCG sensor system, the desired signal may
vary from patient to patient and depends on the sensor place-
ment, but cannot be arbitrarily selected by the user. The pri-
mary noise sources are the earth’s magnetic field, fields em-
anating from electrical equipment, and sensor noise itself.
While the first two can be mitigated by using a magnetically
shielded chamber, this is not possible with sensor noise. Fi-
nally, post-processing steps aimed at suppressing unwanted
signals without affecting the desired signal can be chosen rel-
atively freely. Limitations that may apply to post-processing
steps are available processing power and real-time require-
ments.

This study aims to investigate the feasibility of calculat-
ing quality classes, rather than establishing a scheme that will
work for all scenarios. Therefore, to reduce the complexity of
the task, we only focus on the influence of the unwanted sig-
nal amplitude. The desired signals, the shape of the unwanted
signal, and the post-processing steps remain fixed. To work in
more realistic scenarios, further studies are needed to investi-
gate the influence of the fixed parameters.
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Prototype Signals

Since the quality classes are defined in terms of diagnostic
value, we decided to use different MCG prototype signals
for the survey. More specifically, we use one healthy or nor-
mal signal and four pathological signals. The healthy signal
vp(t) is based on a SQUID measurement performed at the
Physikalisch-Technische-Bundesanstalt (PTB) in Berlin [5].
Because access to pathological MCG examples is limited, the
shape of these signals is based on common ECG examples.
The four pathological signals are v,y;(t) anterior wall infarc-
tion, vippy (t) left bundle branch block, vy (t) atrial fibrillation,
and v (t) long-QT syndrome. The length of the signals is
T = 5s and the sampling frequency fs = 3200 Hz. Two of
the signals are shown as examples in Figure 1. See the GitHub
repository! for the rest of the signals and more detailed infor-
mation about them.
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Fig. 1: Examplary two of the five prototype signals used.

Noise
For simplicity, we use only one type of noise in this study.
Namely, we use a 1/f or pink noise signal n(¢) since many
magnetic field sensors exhibit this type of noise [7]. We ap-
ply the same noise sequence to all examples, varying only the
noise power. The noise sequence used as well as its power
spectral density are shown in Figure 2.

The measured sensor signals u(¢) are generated by adding
a scaled version n(t) = an(t), a € R of the noise term to
one of the prototype signals v(t):

(D

1 https://github.com/DenominatorlsZero/BMT-2022-MCG- Quality-
Classes



E. Engelhardt et al., Towards Analytically Computable Quality Classes for MCG Sensor Systems =——

100
B
="
— 0
=
7100 T T T T T 1
0 1 2 3 4 5
t[s]
(a) Time signal
107
~ ]
w10
=) E
21071t 5
=
EIS: 1072 T T T T T T
0 250 500 750 1000 1250 1500
f [Hz]

(b) Power spectral density

Fig. 2: SNR 0dB: n(t) with same power as wvn(t).

Post-processing

The post-processing steps are based on the prevailing frequen-
cies of the MCG signals and the usual noise sources. Since
the magnetic field of the heart contains mainly frequencies be-
tween 1 Hz and 100 Hz [8], the measurement signal is first dec-
imated to a sampling frequency of f;» = 200 Hz. Then, an FIR
high-pass filter with f. = 1 Hz is applied. In addition, a 50 Hz
FIR bandstop filter is used. Since n(t) does not contain an ex-
plicit 50 Hz component, this is not strictly necessary. In reality,
however, electrical devices introduce a non-negligible amount
of 50 Hz noise, so we decided to apply this common post-
processing step in this study as well. Finally, to meet medical
expectations, a constant is added so that the baseline of the
signals is 0 pT. The resulting signal is called s(¢) in the fol-
lowing.

Metrics

The metrics computed for each signal are SNR (signal-to-
noise ratio, cf. Eq. (2)), and ASC (application-specific capac-
ity, cf. Eq. (3)) [5].
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While SNR compares the power of the noise and the sig-
nal after integration over frequency, ASC does so before inte-
gration. The result is that ASC is sensitive to spectral changes
of the signal and the noise. In Elzenheimer et al. [5], we

pointed out that this would allow a more relevant quantitative
description of the sensor system signal.

Survey

For the survey, the five prototype signals are superimposed
with noise at seven different power amplitudes, resulting in
35 combinations. The prototype signal v(t) and the post-
processed signal s(¢) are shown to cardiologists for each of
the combinations. They are then asked to assign s(¢) to one
of the quality classes based on their description above. The
noise power are chosen to give the following SNRs for wuy:
SNRy € {-5,0,5,10,15,20,30} dB, by varying «. The or-
der in which the combinations are shown to all participants is
random.

3 Results

=4
experienced cardiologists at the University Medical Center
Schleswig-Holstein, Kiel.

Of the 140 evaluated signals, 33 were classified as class
one, 30 as class two, 38 as class three and 39 as class four.
Figures 3a and 3b show the relationship of SNR and ASC to
the assigned quality classes respectively. Across all signals, the

The 35 signals were independently evaluated by N

average assigned class is QC = 2.6 with an average interob-
server variability per signal of PQC =0.28.

The signals assigned to better quality classes have, on av-
erage, a higher SNR and ASC. It can be seen that the classes
can be clearly separated based on the medians. However, the
ranges from the first to the third quartile overlap for classes
three and four. Looking at the range from minimum to maxi-
mum SNR/ASC in the respective classes, it can be seen that
there is no clear separation of the classes based solely on these
characteristics.

Using a least square regression, the quality class (QC) can
be calculated as a linear function of the SNR (cf. Eq. (4)) or
of the ASC (cf. Eq. (5)). The achieved coefficients of deter-
mination are R%yp = 0.612 and R% g = 0.593. It remains
uncertain if a linear function is the best fit for the relationship

between SNR/ASC and quality classes.
1, if SNR > 22.45dB,
QC(SNR) = { 4, if SNR < —4.81dB, @
3.47-0.11- S0 else.
1, if ASC > 1216.8 dB Hz,
QC(ASC) =< 4, if ASC < 16.2dB Hz,
4.042 — 0.0025 - ASC " else.

dB Hz’
(5)
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Fig. 3: Box plot showing the SNR (a) and ASC (b) of all signals
grouped by their assigned Quality Class.

4 Conclusion

Due to the small number of participants, the results of this
study are not sufficient to definitively clarify how subjec-
tive quality classes can be calculated using metrics such as
SNR and ASC. However, the results suggest a clear interre-
lationship between those easily calculatable metrics and the
subjectively assigned quality classes.

The possibility to determine the quality class of a signal
analytically holds a lot of potential for sensor system man-
ufacturers and users at the same time. Several steps are still
necessary to achieve this goal. It is essential that the commu-
nity agrees on a uniform class definition. The definitions used
in this study are to be considered only as suggestions and cer-
tainly need detailed discussion on a broad level.

In addition, it has become evident that it is challenging to
obtain a sufficient amount of data to develop a valid model. Al-
though many parameters were not varied in this study, the car-
diologists still had to evaluate 35 signals, which proved to be
time-consuming. We intend to continue the analysis of MCG
quality classes in future studies with more data and a closer
look at all relevant parameters.
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