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A Real-Time QRS Detection Algorithm

JIAPU PAN AND WILLIS J. TOMPKINS, SENIOR MEMBER, IEEE

Abstract—We have developed a real-time algorithm for detection of
the QRS complexes of ECG signals. It reliably recognizes QRS com-
plexes based upon digital analyses of slope, amplitude, and width. A
special digital bandpass filter reduces false detections caused by the var-
ious types of interference present in ECG signals. This filtering permits
use of low thresholds, thereby increasing detection sensitivity. The algo-
rithm automatically adjusts thresholds and parameters periodically to
adapt to such ECG changes as QRS morphology and heart rate. For
the standard 24 h MIT/BIH arrhythmia database, this algorithin cor-
rectly detects 99.3 percent of the QRS complexes.

INTRODUCTION

HERE are many uses for a reliable QRS recognition algo-

rithm. Computer interpretation of the 12-lead ECG is a
popular technique. Coronary care units now use arrhythmia
monitors extensively. Widely used Holter tape recording re-
quires a Holter scanning device that includes a QRS detector
to analyze the tapes much faster than real time. Currently
under development are arrhythmia monitors for ambulatory
patients which analyze the ECG in real time [1]-[3]. When
an arrhythmia appears, such a monitor can be programmed to
immediately store an interval of the abnormal ECG for sub-
sequent transmission to a central station where a physician can
interpret it. Such a device requires a very accurate QRS recog-
nition capability. False detection results in unnecessary trans-
mission of data to the central station or requires an excessively
large memory to store any ECG segments that are unnecessarily
captured. Thus, an accurate QRS detector is an important part
of many ECG instruments.

ORS detection is difficult, not only because of the physio-
logical variability of the QRS complexes, but also because of
the various types of noise that can be present in the ECG signal.
Noise sources include muscle noise, artifacts due to electrode
motion, power-line interference, baseline wander, and 7 waves
with high-frequency characteristics similar to QRS complexes.
In our approach, digital filters reduce the influence of these
noise sources, and thereby improve the signal-to-noise ratio. Of
the many QRS detectors proposed in the literature, few give
serious enough attention to noise reduction.

Software QRS detectors typically include one or more of
three different types of processing steps: linear digital filtering,
nonlinear transformation, and decision rule algorithms [4]. We
use all three types. Linear processes include a bandpass filter,
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a derivative, and a moving window integrator. The nonlinear
transformation that we use is signal amplitude squaring.
Adaptive thresholds and 7-wave discrimination techniques pro-
vide part of the decision rule algorithm.

The slope of the R wave is a popular signal feature used to
locate the QRS complex in many QRS detectors [S]. An
analog circuit or a real-time derivative algorithm that provides
slope information is straightforward to implement. However,
by its very nature, a derivative amplifies the undesirable higher
frequency noise components. Also, many abnormal QRS com-
plexes with large amplitudes and long durations are missed in
a purely derivative approach because of their relatively low R-
wave slopes. Thus, R-wave slope alone is insutticient for proper
ORS detection. To achieve reliable performance, we must ex-
tract other parameters from the signal such as amplitude, width,
and QRS energy [6], [7].

It is very important to evaluate a QRS detector algorithm
using a standard arrhythmia database. There are now two such
databases available: MIT/BIH [8] and AHA (American Heart
Association) [9]. The performance of an algorithm on a data-
base is not the ultimate answer as to its utility in a clinical en-
vironment, but it provides a standardized means of comparing
the basic performance of one algorithm to another.

ALGORITHM OVERVIEW

We implemented the QRS detection algorithm in assembly
language. It operates on either a Z80 (Zilog) or an NSC800
(National Semiconductor) microprocessor. All the processing
is done with integer arithmetic so that the algorithm can op-
erate in real time without requiring excessive computing power.
The database provides two simultaneous ECG channels. We
attempted two-channel analysis, but abandoned this approach.
Due to the way that the electrode positions are orthogonally
placed in Holter recording, a high-quality signal on one channel
normally implies a low-amplitude ECG with a poor signal-to-
noise ratio on the second channel. The only way that two-
channel algorithms will yield improved performance for most
patients is by adopting a new way of electrode placement that
will provide usable signals in both channels.

Fig. 1 shows signals at various steps in digital signal processing.
First, in order to attenuate noise, the signal passes through a
digital bandpass filter composed of cascaded high-pass and low-
pass filters. Fig. 1(b) shows the output of this filter. The next
process after filtering is differentiation [see Fig. 1(c)], followed
by squaring [see Fig. 1(d)], and then moving window integra-
tion [see Fig. 1(e)]. Information about the slope of the QRS
is obtained in the derivative stage. The squaring process in-
tensifies the slope of the frequency response curve of the deriv-
ative and helps restrict false positives caused by T waves with
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Fig:*l. QRS detectlon algorithm processing steps for a normal ECG from
the MIT/BIH database. (a) Original signal. (b) Output of bandpass
filter. (c) Output of differentiator. (d) Output of squaring process.
(¢) Results of moving-window integration. (f) Original ECG signal
delayed by the total processing time. (g) Output pulse stream.

higher than usual spectral energies. The moving window inte-
grator produces a signal that includes information about both
the slope and the width of the QRS complex. Fig. 1(f) is the
same as the original ECG in Fig. 1(a) except delayed by the
total processing time of the detection algorithm. Fig. 1(g)
shows the final output stream of pulses marking the locations
of the QRS complexes after application of the adaptive
thresholds.

Fig. 2 illustrates a set of signals similar to those in Fig. 1 for
a noise-contaminated ECG in the database. The algorithm is
able to correctly detect QRS complexes in the presence of the
severe noise typical of the ambulatory ECG environment. We
based all judgments of correctness upon the annotations in the
database. Each annotation on the location and morphology
of a beat was determined by arbitration between two cardiol-
ogists who had to be in agreement on all beats in order for an
ECG data segment to be placed in the database.

The algorithm is divided into three processes: learning phase
1, learning phase 2, and detection. Learning phase 1 requires
about 2 sto initialize detection thresholds based upon signal and
noise peaks detected during the learning process. Learning
phase 2 requires two heartbeats to initialize RR -interval average
and RR-interval limit values. The subsequent detection phase
does the recognition process and produces a pulse for each ORS
complex. The thresholds and other parameters of the algorithm
are adjusted periodically to adapt to changing characteristics
of the signal.

We use two sets of thresholds to detect QRS complexes. One
set thresholds the filtered ECG, and the other thresholds the
signal produced by moving window integration. By using thresh-
olds on both signals, we improve the reliability of detection
compared to using one waveform alone. Preprocessing the
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Fig. 2. QRS detection algorithm processing steps for a noise-contam-
inated ECG from the MIT/BIH database. (a) Original signal. (b) Out-
put of bandpass filter. (c) Results of moving-window integration.
(d) Original ECG signal delayed by the total processing time. (e)
Output pulse stream.

ECG with this digital bandpass filter improves the signal-to-
noise ratio and permits the use of lower thresholds than would
be possible on the unfiltered ECG. This increases the overall
detection sensitivity. The detection thresholds float over the
noise that is sensed by the algorithm. This approach reduces
the number of false positives caused by types of noise that
mimic the characteristics of the QRS complex.

The algorithm uses a dual-threshold technique to find missed
beats, and thereby reduce false negatives. There are two sepa-
rate threshold levels in each of the two sets of thresholds. One
level is half of the other. The thresholds continuously adapt
to the characteristics of the signal since they are based upon
the most-recent signal and noise peaks that are detected in the
ongoing processed signals. If the program does not find a QRS
complex in the time interval corresponding to 166 percent of
the current average RR interval, the maximal peak detected in
that time interval that lies between these two thresholds is con-
sidered to be a possible QRS complex, and the lower of the
two thresholds is applied. In this way, we avoid requiring a
long memory buffer for storing the past history of the ECG,
and thus require minimal computing time to accomplish the
search-back procedure to look for a missing QRS complex.

Unfortunately, the dual-threshold technique is only useful
if the heart rate is regular. In abnormalities such as bigeminy
or trigeminy, we cannot find the missed beat by searching back
through the same time interval as for regular heart rates. For
the case of irregular heart rates, both thresholds are reduced
by half in order to increase the sensitivity of detection and to
avoid missing valid beats.

Once a valid QRS complex is recognized, there is a 200 ms
refractory period before the next one can be detected since
ORS complexes cannot occur more closely than this physio-
logically. This refractory period eliminates the possiblity of a
false detection such as multiple triggering on the same QRS
complex during this time interval. When a QRS detection








