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Abstract 

Motion artifacts, caused by changes in the electrode-

skin impedance, electromyographic (EMG) interference, 

caused by muscle contractions, and possible baseline 

drifts are three of the most common sources of noise 

present in ECG recordings. The present study 

investigates the effects of these noise sources on the 

performance of ECG beat detection algorithms. Four 

different beat detection methods were used to evaluate 

the influence of noise sources with varying signal to noise 

ratios (SNRs). A database consisting of recordings from 

approximately 100 subjects consisting of approximately 

3000 cardiac cycles was used for evaluation. Hence, 

1200 records were subsequently tested by the detectors 

after adding three different noise sources with four 

different SNRs of 24dB, 12dB, 6dB and -6dB to the 

original 100 records. The four classifiers achieved beat 

detection results from 98% down to 68% for correctly 

detected QRS-complexes at SNRs between 24dB and 6dB. 

 

1. Introduction 

Electrocardiogram (ECG) classification systems 

require automated measurement and processing 

capabilities. The first stage in the overall computerized 

process is beat detection and as such the accuracy of this 

stage is very important for the overall system 

performance. The process of beat detection involves the 

detection of each cardiac cycle in addition to locating the 

position and the boundaries of each individual waveform 

component. The most commonly used beat detection 

approaches are based on non-syntactic methods [1]-[3] 

and cross-correlation (CC) based algorithms [1]-[2], [4]-

[5]. More recently, artificial intelligence based 

techniques, using for example neural networks (NN) [2], 

[6]-[7] have also been used as alternative approaches to 

ECG beat detection. All of these methods have proposed 

successful approaches to beat detection. Nevertheless, 

ongoing research continuously shows the necessity to 

further improve this process [2], [8]-[11]. 

One of the major challenges in beat detection is in 

dealing with noise components present which have the 

potential to corrupt the underlying signal. Friesen et al. 

[12] have previously presented details relating to the 

limitations ECG beat detectors have with respect to ECG 

signals influenced by noise sources. Ongoing research 

[10]-[11] demonstrates that researchers are still trying to 

find and apply new developed techniques, for example 

empirical mode decomposition (EMD), to provide a more 

robust method for beat detection. 

Within this paper we discuss the effects of three 

different noise sources on the performance of a number 

of ECG beat detection algorithms. Motion artifacts (MA 

noise), EMG interference (EM noise), and possible 

baseline drifts (BW noise) are three of the most common 

sources of noise present in ECG recordings. Examples of 

these different noise sources are shown in Figure 1.  

 

Fig. 1. Example of 3 different noise sources: a) Motion Artifact 

(MA), b) EMG Interference (EM) and c) Baseline Wander 

(BW). 

MA is caused by changes in the electrode-skin 

impedance and is often a result of vibrations and 

movements of the subject. The most important 

characteristics are the duration (100-500 ms) and its 

peak-to-peak amplitude which can be up to 500 percent 

of the ECG signal’s peak-to-peak amplitude. Noise 

signals caused by muscle contractions (EM) can be 
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assumed to be transient bursts of zero-mean band-limited 

Gaussian noise which are usually in the micro volt range. 

The main characteristics are a standard deviation of about 

10 percent of the peak-to-peak ECG amplitude and 

duration of about 50 ms. The frequency content of the 

baseline EMG varies from DC to 10 kHz. BW can be 

seen as a sinusoidal component at the frequency of 

respiration which is added to the ECG signal. The 

characteristics of such a baseline drift are the amplitude 

which varies up to 15 percent of the original ECG 

signal’s peak-to-peak amplitude, and the baseline 

variation of about 15 percent of this peak-to-peak ECG 

amplitude at about 0.15 Hz to 0.3 Hz. 

The following section provides an introduction to the 

four methods of beat detection examined within this 

study; a non-syntactic approach, a CC based method and 

two newly developed multi-component based techniques 

[5]-[6] utilizing CC and NNs. The results section presents 

a summary of the performance of the beat detectors with 

respect to their performance in processing ECG signals 

corrupted by noise sources. Finally, the influences of the 

noise sources with varying degrees of SNR in addition to 

the advantages and disadvantages of the four beat 

detectors are discussed in the Discussion and Conclusion 

section. 

2. Methods 

A. Non-Syntactic Approach (SRB) 

The non-syntactic technique is one of the most 

commonly applied and established methods of ECG beat 

detection [1]-[3]. Such approaches are normally separated 

into stages of QRS-complex detection and further, 

gradient based, search algorithms for locating the P-wave 

and T-wave. The non-syntactic algorithm used within this 

study is based on the well known approach presented by 

Pan and Tompkins [3]. Detailed information regarding 

the algorithm and parameters used for the SRB method 

are presented in [5]. 

B. Single-Component based CC Method (SCC) 

The SCC approach is based on the fundamentals of 

CC, also a commonly used technique [1]-[2], [4]. A 

PQRST template, which is generated during an initial 

training phase, is subsequently cross-correlated with a 

patient’s ECG signal to measure the similarities between 

the two signals. Further details about the SCC method 

used within this study can be found in [5]. 

C. Multi-Component based CC Approach (MCC) 

The fundamental concepts of CC, as used for the 

previous SCC method, are also used for the MCC 

approach. This method extends the SCC approach 

through its multi-component [5]-[6] based beat detection 

concept. A multi-component beat detector consists of 

separate and individual detectors for the individual 

waveform components (P-wave, QRS-complex, and T-

wave), each of which perform a parallel analysis of the 

patient’s ECG signal. Such a detector is capable of 

locating a waveform component without any information 

about the position of the other components. Further 

information, describing the multi-component based beat 

detection technique and in particular the details about the 

MCC method, can be found in [5]. 

D. Multi-Component based NN Approach (MNN) 

The MNN approach can also be considered as a multi-

component based technique [5]-[6]. Three independent 

detectors are used for P-wave, QRS-complex and T-wave 

detection. Each detector consists of a multi-layer feed 

forward NN. The three networks are trained with 

independent data and are tuned for detection of different 

waveform components. Detailed information about the 

MNN approach is presented in [6]. 

E. Preparation of Noise Test ECG Dataset  

Prior to evaluation of the four different beat detection 

approaches, three of the most common sources of noise 

(MA, EM, BW), which may influence ECG recordings, 

were added to the original signals from the QT database 

[13]. An example, illustrating this procedure based on 

one ECG record and MA as the noise source, added to the 

signal, is presented in Figure 2. 

 

Fig. 2. a) ECG record sel16272 influenced by motion artifact 

(MA) noise with b) 24dB SNR, c) 12dB SNR, d) 6dB SNR, and 

e) -6dB SNR. 
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The QT database is a collection of ECG recordings, 

representing a large variety of normal and abnormal 

signals, from existing databases, e.g. the MIT BIH 

Arrhythmia database and the European Society of 

Cardiology ST-T database. A data set of approximately 

3000 annotated beats from 100 different ECG records 

was used to validate the performance of the four beat 

detection algorithms with regard to noise. The three types 

of noise were added to the 100 original records at four 

different SNRs of 24dB, 12dB, 6dB, and -6dB. Hence, 

1200 additional records to the 100 clean records were 

used for testing the performance based on the influence 

of noise. The three noise sources of MA, EM and BW 

were provided with the MIT-BIH Noise Stress Test 

Database [14]. The sources are provided as signal files 

stored in the same format, the WFDB format, as the ECG 

records from the QT database. A number of tools, for 

instance ‘nst’, have been developed from PhysioNet [15], 

which can be used to add two different signals (e.g. noise 

signal and ECG record) with defined SNRs. 

3. Results 

In order to validate the four beat detection algorithms 

using the 1200 ECG records influenced by noise, each 

detector was trained based on a patient specific training 

technique [16] using one beat of each of the 100 original 

ECG records before any form of noise was added. As 

recommended by the American Standard ANSI/AAMI 

EC57 [17], the number of correctly detected waveform 

components (sensitivity), corresponding to the number of 

true positives (TPs), and the probability of incorrectly 

detected waveform components (1-specificity), 

corresponding to the number of false positives (FPs), 

were measured.  
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These measures are presented in Equation 3.1 and 

Equation 3.2 where Ncd is the number of correctly 

detected markers, Np the number of markers present 

(reference markers) and Nfd the number of markers 

detected at incorrect positions. 

As an example, Figures 3-5 show a part of the results 

following comprehensive tests. The QRS-complex 

detection results of the four beat detection methods (SRB, 

SCC, MCC and MNN) based on the influence of MA 

noise with SNRs varying from 24dB down to -6dB are 

summarized in Figure 3. The QRS-complex detection 

results based on the influence of EM and BW noise is 

shown in Figure 4 and Figure 5 respectively. 

 

Fig. 3. QRS-complex detection results of methods SRB, SCC, 

MCC and MNN based on ECG signals influenced by MA noise 

with SNRs equal to 24dB, 12dB, 6dB and -6dB. 

 

Fig. 4. QRS-complex detection results of methods SRB, SCC, 

MCC and MNN based on ECG signals influenced by EM noise 

with SNRs equal to 24dB, 12dB, 6dB and -6dB. 

 

Fig. 5. QRS-complex detection results of methods SRB, SCC, 

MCC and MNN based on ECG signals influenced by BW noise 

with SNRs equal to 24dB, 12dB, 6dB and -6dB. 

The curves, representing the results of the four 

individual methods in detecting QRS-complexes show 

one common trend for both CC methods. The sensitivity 

of the two CC based methods decreases quickly with 

SNRs below 12dB. The results for 1-specificity only 

increase slightly for SNRs from 24dB down to 6dB. At a 

SNR of 12dB, both CC methods can still detect more 
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than 85% of the QRS-complexes correctly. The SRB 

method shows a low sensitivity to EM and BW noise for 

SNRs down to 6dB. The MNN method outperforms the 

other three methods in detecting QRS-complexes at low 

SNRs around -6dB. Nevertheless, the probability of 

detecting QRS-complexes at incorrect positions increases 

faster for the MNN approach. 

The results achieved by the P-wave detectors and T-

wave detectors show that in average, the SRB and SCC 

methods achieved better results than the two multi-

component based approaches, especially at lower SNRs. 

In most cases, the SCC method outperformed the other 

three methods for SNRs down to 6dB. 

4. Discussion and conclusions 

In summary, the results have shown different 

advantages and disadvantages of the individual detectors 

depending on the kind of noise and the SNR. Generally 

both CC based approaches exhibited superior results for 

SNRs higher than 6dB. Nevertheless the CC techniques 

did show a lower decrease in specificity when increasing 

the SNR in comparison to the non-syntactic method and 

the NN based multi-component method. However, the 

MNN method achieved the highest sensitivity results at 

low SNRs of -6dB. 

CC based techniques are likely better at higher SNRs, 

since the difference (corresponding to the noise contents) 

between the actual signal and the template is relatively 

low for high SNRs. CC functions measure the similarities 

between a template and the ECG signal and decisions are 

made based on the comparison of the resulting difference 

and a threshold. Hence, if the threshold is not too high 

and the noise contents low, waveform components can 

still be detected with a high sensitivity. The performance 

of NN based methods with respect to noise strongly 

depends on the early stages such as training of the 

networks. The noise sensitivity of such methods might be 

reduced when considering possible noise sources during 

training. Nevertheless, this would require the knowledge 

that certain noise sources are present in the ECG. 
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