
A Decision-Making Fusion Method
for Accurately Locating QRS Complexes
from the Multiple QRS Detectors

Feifei Liu, Chengyu Liu, Xinge Jiang, Lina Zhao, Jianqing Li,
Chuanjie Song, and Shoushui Wei

Abstract
QRS detection for electrocardiogram (ECG) signal plays
a fundamental role in monitoring cardiovascular diseases.
Lots of QRS detection algorithms exist and most of them
are verified with high sensitivity and positive predictivity
on the standard ECG databases. Recent progress in
mobile ECG rises the challenge of accurate QRS
detection for real-time dynamic ECG recordings since
the variety of noises. In this study, a decision-making
fusion method for accurately locating QRS complexes
from the multiple QRS detectors were proposed. First, the
ECG signals were detected by these nine detectors. Then,
the voting fusion rule had been established that a
heartbeat was determined when more than five detectors
showed their detections in a time moving window
respectively. And the mean value of the middle three
detections’ positions in the window was served as a
corrected heartbeat. Moreover, the comprehensive post
processing technology was used to eliminate the false
detection and to search the missed beats. The new
proposed method was tested on high and poor signal
quality ECG databases. For comparison, the best detec-
tion accuracy for the single algorithm was only 75.50%
while the new proposed fusion method with 200 ms time
moving window reported a detection accuracy of 80.43%
for the poor-quality ECG signals. The proposed fusion
method can significantly improve locating QRS

complexes accuracy for the ECG signals with poor signal
quality. Thus, it has a potential usefulness in the real-time
dynamic ECG monitoring situations.
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1 Introduction

Accurate heart rate detection for ECG signal plays a fun-
damental role in monitoring cardiovascular diseases (CVD),
which has been the most common cause of death globally.
The QRS complex is the most striking waveform within the
Electrocardiogram (ECG) signal; it serves as the basis for the
automated determination of the heart rate, as well as the
benchmark point for classifying the cardiac cycle and
identifying any abnormality. Lots of QRS detection algo-
rithms exist and most of them are verified with high sensi-
tivity and positive predictivity (>99%) on the open-access
ECG database, such as MIT-BIH arrhythmia database [1].

Recently, the rapid development in wearable and tele-
health technologies promotes the real-time, remote and
continuous ECG individual monitoring. Real-time ECG
remote monitoring is an effective means for the early
warning of CADs. However, the quality of signals moni-
tored by mobile devices also bring the new challenge. The
subject of the PhysioNet/CinC Challenge 2011 was to
develop an efficient algorithm to detect the quality of ECGs
collected using mobile phones. Liu et al. [2] reported that the
classical QRS detection method proposed by Pan and
Tompkins [3] only had a relatively low detection accuracy
on the low-quality ECG signals. Khamis et al. [4] developed
new QRS detection method based on the artifact masking
technology, which reported the good detection performance.
The methods about locating QRS complexes on the
low-quality signal was not insufficient. In this study, a

F. Liu � C. Liu (&) � L. Zhao � J. Li
School of Instrument Science and Engineering, Southeast
University, Nanjing 210096, China
e-mail: chengyu@seu.edu.cn

F. Liu � C. Song
Shandong Zhong Yang Software Limited Company, Jinan,
Shandong, China

X. Jiang � L. Zhao � S. Wei
School of Control Science and Engineering, Shandong University,
Jinan, China

X. Jiang
Shandong College of Electronic Technology, Jinan 250200, China

© Springer Nature Singapore Pte Ltd. 2019
L. Lhotska et al. (eds.), World Congress on Medical Physics and Biomedical Engineering 2018,
IFMBE Proceedings 68/2, https://doi.org/10.1007/978-981-10-9038-7_66

351

http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-10-9038-7_66&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-10-9038-7_66&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-10-9038-7_66&amp;domain=pdf


decision-making fusion method for locating QRS complexes
based on up to nine QRS detectors were proposed.

2 Methods

2.1 The Decision-Making Fusion Method

In this study, we proposed a new decision-making fusion
method for accurately locating QRS complexes based on up
to these nine QRS detectors, including RS-slope algorithm
[5], Sixth-power algorithm [6], Finite State Machine algo-
rithm (FSM) [7], U3 transform algorithm (U3) [8], Differ-
ence operation algorithm (DOM) [9], Pan and Tompkins
algorithm (Pan) [3], ‘jqrs’ algorithm [10], UNSW algorithm
(UNSW) [4], Optimized knowledge based algorithm
(OKB) [1]. Figure 1 shows the flow diagram of the proposed
decision-making fusion method.

First, the ECG signals were detected by nine detectors.
Then, the voting fusion rule had been established that a
heartbeat was determined when more than five detectors
showed their detections in a time moving window respec-
tively. Considering it is almost impossible that all detectors
showed their detections at the same time, time moving
window was introduced. The voting decision-making fusion
rule was shown by Eqs. (1)–(3) defined as follows:
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0 if Ri 62 wj
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where, Ri was the QRS complexes location detected by the
nine QRS detectors, i = 1, 2, 3, …, 9; wj was the time
moving window for the voting and was set as 50 ms,

100 ms, 150 ms, 200 ms and 250 ms respectively in this
study; V wj

� �
represented the voting result of these nine

detectors in the wj window. if V wj

� �� 5, S jð Þ was equaled
to one, and this time moving window wj was regarded as a
potential heartbeat. Then the first R wave detected point
outside the current window on the right side was regarded as
the next time window left side. Otherwise, S jð Þ was equaled
to zero, and this time moving window wj was rejected, and
the first (and left-most) R wave detected point inside the
current window was given up, and the second point regarded
as the next time window left side. And the mean value of the
middle three detections’ positions in each selected time
window was served as a corrected QRS complexes position.
The position of maximum absolute value was located as R
wave points the in a window of 100-ms.

Then, the post-processing technology was applied to
eliminate the possibility of a false detection and search the
missed beats. First, the standard RR interval was determined
as the median value of 70% central range of RR-interval
series. And the search threshold was determined as 0.6 times
the mean value of 50% central range of R waves value. If the
current RR interval was larger than the 1.66 times the
standard RR interval, the search threshold was used to find
new peaks as the new heart beats. If the current RR interval
was smaller than the 0.6 times the standard RR interval, the
search threshold was used to eliminate the false detection.
Moreover 270 ms blind-eye window was employed to avoid
the oversized T waves to be taken as detections.

2.2 Database

For the comparison, two databases were selected from the
PhysioNet/CinC Challenge 2014 [11]. One was the training
set with good signal quality, consisted of single II-lead 100
recordings (named 100–199), sampled at 250 Hz, with
12-bit resolution. This database was used as the high-quality
ECG database in this study. Another one was an augmented
training set with very low quality also consisted of 100
recordings, sampled at 360 Hz. This database was used as
low-quality database in this study. Each recording had a
10 min in duration. All ECG recordings had the manually
annotated QRS complex locations and these locations were
used as the references for evaluating the four automatic QRS
detection algorithms.

2.3 Evaluation Methods

The evaluation metrics of sensitive (Se), positive predictivity
(+P) and F1 measure were calculated as follows:
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Fig. 1 The flow diagram of the new proposed decision-making fusion
method
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Se ¼ TP
TPþ FN

� 100% ð4Þ

þ P ¼ TP
TPþ FP

� 100% ð5Þ

F1 ¼ 2� TP
2� TPþ FPþ FNð Þ � 100% ð6Þ

where TP is the number of QRS complexes truly detected,
FP is the number of false positive (extra falsely detected
QRS complexes) and FN is the number of false negative
(missed detected QRS complexes).

3 Results and Discussion

Tables 1 and 2 show the performances of nine single QRS
detectors and the proposed fusion method on the high and
poor signal quality ECG databases, respectively. All these
ten methods had good detection results for the high signal
quality ECG database (all >99%, shown in Table 2). How-
ever, the detection results decrease significantly for the poor
signal quality ECG signals. The best detection accuracy for
the nine single algorithms was only 75.50% from the OKB
method, while the new proposed fusion method with 200 ms
time moving window reported a detection accuracy of
80.43%.

For these two databases, compared with these nine QRS
detection methods, the new fusion method all reported the
best performance. For the high signal quality database,
although the fusion method showed the best the detection
results, the nine single QRS detectors all had high detection

accuracy (all >99%). In this way, considering the compu-
tational efficiency, it was no need to use fusion method to
pursue a little improvement on the detection accuracy.

However, for the poor signal quality database, the new
fusion method with 200 ms time moving window reported
higher detection accuracy (80.43%) compared with the nine
single QRS detectors (all <75.5%). Figure 2 shows an
example from the recording 1019 in the poor signal quality
ECG database. The red crosses represent the reference
annotations, and the magenta asterisks represent the detected
points of nine single QRS detectors, and the green asterisks
represent the detected points of the new fusion method.
Different QRS detectors had different robust performance for
different noise. This figure illustrates that voting fusion rule
could extract the best R wave points from nine QRS
detectors detection results, which can improve noise
immunity. And the comprehensive post processing tech-
nology could eliminate the false detection and search the
missed beats, which improves the detection accuracy further.
The influence of the time moving window width was not
obvious for the high signal quality ECG database. For the
poor signal quality ECG database, 200 ms time window
showed the best performance.

4 Conclusion

In this study, a new decision-making fusion method for QRS
complexes location based on up to nine QRS detectors were
proposed. High and poor ECG signal quality databases were
used to analyze the performance of this new method. For
these two databases, compared with these nine QRS

Table 1 Performances of the ten methods on high signal quality database

Methods Time moving window (ms) Poor signal quality ECG database

Total beat TP FN FP Se (%) +P (%) F1 (%)

RS-Slope / 72,415 72,106 309 80 99.57 99.89 99.73

Sixth-power / 72,415 72,095 320 220 99.56 99.70 99.63

FSM / 72,415 72,249 166 216 99.77 99.70 99.74

U3 / 72,415 72,211 204 388 99.72 99.47 99.59

DOM / 72,415 72,055 360 225 99.50 99.69 99.60

Pan / 72,415 72,185 230 239 99.68 99.67 99.68

‘jqrs’ / 72,415 72,263 152 125 99.79 99.83 99.81

UNSW / 72,415 72,304 111 639 99.85 99.12 99.48

OKB / 72,415 72,194 221 56 99.69 99.92 99.81

Fusion algorithm 50 72,415 72,315 100 63 99.86 99.91 99.89

100 72,415 72,325 90 76 99.88 99.90 99.89

150 72,415 72,333 82 86 99.89 99.88 99.88

200 72,415 72,331 84 95 99.88 99.87 99.88

250 72,415 72,323 92 107 99.87 99.85 99.86
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detection methods, the new fusion method all reported the
best performance. Especially for the poor-quality ECG sig-
nals, this fusion method with 200 ms time moving window
reported higher detection results (F1 = 80.43%), while the
best detection accuracy for the single algorithm was only
75.50%.

The proposed fusion method can significantly improve
the QRS detection accuracy for the ECG signals with poor
signal quality. Thus, it has a potential usefulness in the
real-time dynamic ECG monitoring situations.
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