








parameter is less sensitive than the others for this particu-
lar detection algorithm. The optimal value for this param-
eter is very close to the default one. It is to note, though,
that the optimal parameter set is obtained from a nonlinear
and complex function of these parameters, making diffi-
cult any further analytical analysis on parameter evolution.
Results from Figure 2 suggest that an additional gain could
be obtained if the EA is applied for more generations.

The obtained global detection performance improve-
ment of 4.6% may seem low, and thus a revision of the cho-
sen parameters is proposed. The parameter nsamp, which
represents the number of samples which are analyzed, is
important for the detector: since the ECG signals are too
long, they are divided into segments for detection, and sev-
eral thresholds related to the signal to noise ratio (SNR) in
that interval are determined. This parameter can lead to
miss some QRS complexes if there is an abrupt change
of SNR in the selected segment. Therefore, the length of
these intervals makes sense to be introduced as a parameter
to be optimized.

However, the other parameters are more suited to be
optimized with an exercise stress test database. The al-
gorithm is trained with a database containing significant
noise levels of various natures (baseline wander, muscle
artifact, and electrode motion artifact). While exercise
stress recordings, like the evaluation database, commonly
have these different kinds of noise, they also present other
characteristics such as abrupt changes in the heart rate and
changes in wave morphology, which were not taken into
account into the optimization process. In particular, the re-
fractory period should be trained with a database present-
ing such changes in heart rate. These aspects are limita-
tions of the current results and may be improved in further
works. Nonetheless, as stated above, the obtained optimal
parameter set provides detections performances that are at
least equal to that obtained with the non-optimized param-
eters, with performance improvements of more than 10%
on very nosy records.

5. Conclusion

This study uses an evolutionary algorithm to optimize
the input parameters for a QRS detector in very noisy
recordings. Problems such as the ECG morphology and
the high level of noise during these tests lead to wrong de-
tections. The input parameters of the QRS detector have
been optimized by an evolutionary algorithm, which is
trained with a database consisting of ECG signals contam-
inated with 3 types of noise, commonly found in exercise
stress test recordings, such as baseline wander, electrode
motion artifact and muscle artifact. After parameter op-
timization, the detector performance shows a global im-
provement. The results are, at least, the same than using
the default parameters, but significantly higher in the nois-
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ier recordings. This demonstrates the advantages of the
optimized parameters in noisy environments.
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