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R-PEAK DETECTION USING WAVELET TRANSFORMS 
TECHNIQUE 

Skander BENSEGUENI1, Abdelhak BENNIA2 

This paper presents a technique based on wavelet transforms to analyze the 
electrocardiogram signal (ECG) for the detection of the R peaks.  We locate the 
QRS complexes of this signal using the dyadic wavelet transform (DyWT) and detect 
the R peaks using the direction change mark method (DCM).  Applied on the ECG 
signal database MIT-BIH, the algorithm that we present gave good results for 
detecting the R waves with a rate of 99.91%, a sensitivity of 99.95 % and a positive 
predictivity of 99.96 %. 

Keywords: ECG, R-peak, wavelet transforms 

1. Introduction 

The QRS complex is the largest wave of the ECG signal, its identification 
permits the calculation of the heart rate and the determination of the ST segment 
for proper diagnosis of some cardio-myopathies, in addition to the classification 
of waves as normal or not such as premature ventricular contraction (PVC), 
supraventricular contraction (SVC), ventricular late potentials (VLP), atrial 
premature contraction (APC), right bundle branch block (RBBB), left bundle 
branch block (LBBB), etc. [1]. This is the reason why several algorithms have 
been developed to analyze the signal in an automatic way.  However, the 
nonlinearity, the non stationarity of the ECG signal, and the noise (artifacts) that 
affects it represent the major problems for the design of effective treatment 
techniques. Artifacts are defined as deflections of the ECG that are due to 
influences other than cardiac activity of the heart.  There are several types of 
artifacts [2]: 

1) Motion artifacts: the result of these movements for the ECG leads to a shift 
of the baseline that appears much more in PR segment, shifting the 
isoelectric line of zero amplitude.  It represents a low frequency 
disturbance of approximately 0.1 Hz. 
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2) Baseline distortion: appears in shifts of the isoelectric line due to cable 
movements and the frequency of such noise is in the range of 0.1 to 10 Hz. 

3) Sector artifacts:  which are due to the device voltage source and are high 
frequency noises (50 or 60 Hz). 

4) Muscle artifacts: this type of noises is due to muscle contractions. We can 
note that the RR intervals for these artifacts are very regular. 
In recent years, many QRS detectors of ECG signals have been developed 

to facilitate the diagnosis of the human heart. These algorithms are based 
primarily on the use of two main steps: the first step is the preprocessing stage, 
where the signal undergoes filtering operations to eliminate or minimize the noise 
and improve and make possible the detection, while the second step is the 
detection of QRS complexes that can be performed by different processing such 
as transformations, thresholding and the implementation of a decision rule for the 
R peaks (Fig. 1).  

We may well find ECG signal analysis algorithms based on the derivative 
and on the differentiation for the detection [2-4], where a candidate R peak is 
defined as one of the points within the derivative slopes interval exceeding a 
predefined threshold. A method that uses digital filters was implemented in [5] for 
the baseline distortions and high frequency elimination. Nonlinear transformations 
were used in [6-8] by squaring operations and moving windows for QRS 
complexes detection. Linear prediction based methods were applied in [9,10], the 
first one uses the prediction coefficients of the discrete cosine transform in order 
to estimate ECG signals by performing a singular value decomposition while the 
second one uses features extraction. Methods using neural networks gave good 
results in terms of true wave detection but they take a very long time in the 
learning and the training steps [11-12]. An ECG analysis method by filter banks 
was also used in [13]. Other studies have used wavelet transforms [14-21]. The 
wavelet transform is a good technique for time-frequency analysis which 
decomposes the signal into elementary blocks well localized in time and 
frequency. The work that we will perform, will focus on the implementation of 
the wavelet transform for ECG signal analysis in order to filter it by eliminating 
the baseline deviations and the high frequency noises, and then detect the R peaks. 

 
 
 
 

 
 

Fig. 1.  Structure of the R-peak detectors 
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2. Theory 

2.1. Wavelet transform. The continuous wavelet transform is given according to 
the mother wavelet function ψ(t) as follows: 

,ሺܽܥ  ܾሻ ൌ ׬ ሻஶݐሺݔ
ିஶ ߰௔,௕ሺݐሻdݐ                                           ሺ1ሻ 

 ߰௔,௕ሺݐሻ ൌ ሺ1 √ܽሻ⁄ ߰ሺሺݐ െ ܾሻ/ܽሻ                                        ሺ2ሻ 
Where ψa,b  is the dilation function, a is the scale factor and b is the translation 
parameter.  If we let: 

 ܽ ൌ 2ି௝ and ܾ ൌ ݇ 2ି௝                                               ሺ3ሻ 
the transformation will be given by:  

ܹݕܦ ௫ܶ
టሺ݆, ݇ሻ ൌ ௝,௞ܥ ൌ 2௝/ଶ න ሻݐሺݔ

ஶ

ିஶ
߰൫2௝ݐ െ ݇൯dݐ                  ሺ4ሻ 

The digitalization of this transform is computed by Mallat's algorithm which 
represents the multiresolution approach [22]. In multiresolution analysis, a 
function is viewed at various levels of resolution, it gives the approximation and 
detail coefficients of the discrete wavelet transform by the following equations 
[22-24]: 

௝ሺ݇ሻܥܣ ൌ ෍ ݄ఝሺ݊ െ 2݇ሻܥܣ௝ାଵሺ݊ሻ                               ሺ5ሻ
ஶ

௡ୀିஶ

 

௝ሺ݇ሻܥܦ ൌ ෍ ݄టሺ݊ െ 2݇ሻܥܦ௝ାଵሺ݊ሻ                               ሺ6ሻ
ஶ

௡ୀିஶ

 
Where hφ(n) is the sequence of the low pass filter coefficients Hφ and 
hψ(n) is the sequence of wavelet coefficients of the high pass filter Hψ. 

This realization of the DWT by the filter banks of the decomposition 
wavelet tree produces an output signal that spreads from high to low frequencies 
with varying degrees of bandwidth. The detail coefficients resulting from band 
pass filters whose center frequencies gradually decrease because of increased 
number of low pass filters hφ(n) which have been cascaded to the high pass filter, 
while the coefficient AC3(k) describing the approximation signal is obtained by 
cascading low pass filters only [22]. Thus, each filter has a different equivalent 
bandwidth (Table 1) [14].  

We note from the frequency response of the wavelet transform equivalent 
filter that small scales reflect the high frequencies components and large scales 
reflect the low frequencies ones, these low and high frequencies explain the 
existence of noise, artifacts and other waves of the ECG signal (P, T and U).  
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Fig. 2.  The top figure shows waves of different shapes and the bottom figure shows the zero 

crossings of the dyadic wavelet transform DyWT for scale j = 3 
 

Table 1 
Equivalent filters bandwidth for different scales 

 
 
 
 
 
 
 
 
 
 
From Fig. 2, we can verify that a wave corresponds to a successive 

positive maximum and negative minimum of its dyadic wavelet transform for 
different scales. The positive maximum corresponds to the descending portion and 
the minimum negative to the ascending portion of the wave, while its peak 
corresponds to the zero crossing. 

2.2. Direction change mark method. A peak is also detected by the direction 
change mark (DCM) which is sensitive to changes in direction and therefore to 
the presence of peaks; it is based on the first level details signal (FLDS) [25]. The 
FLDS is obtained using the following procedure (Fig. 3):  

1) Calculate the first approximation coefficients AC1(k) and the first detail 
coefficients DC1(k) of the discrete wavelet transform in order 1 of the Haar 
mother wavelet by the equations (5) and (6), respectively. The Haar 
wavelet is due to its characteristic of discontinuity and its resemblance to a 
step function which makes it very sensitive to changes in slopes of the 
original signal.  

2) Then, put all the approximation coefficients AC1(k) to zero. 
3) At the end, reconstruct the signal by the inverse discrete wavelet transform 

using the new coefficients AC1(k) (all zeros) and the coefficients DC1(k) 
and thus we obtain the FLDS. 
 

Scales Bandwidths (Hz) 

21 62.5 to 125.0 

22 18 to 58.5 

23 8 to 27 

24 4 to 13.5 

25 2 to 6.5 
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Fig. 3.  The direction change mark method (a) ECG signal, (b) FLDS and (c) DCM equal to zero 

except at the peaks of the signal 
 

 
 
 
 
 
 
 
 
 
Fig. 4.  In blue: ECG signal, in black: DyWT (negative minimum-positive maximum pairs) and in 

red: DCM which is equal to zero except at the R-peak 
 

The main property of the FLDS is that the samples are of the same 
magnitude and alternating signs if the slope of the wave is constant, and there is a 
change in direction of the latter, and in the change point, two successive samples 
of the FLDS have the same sign. This change of direction is marked by the DCM. 
The DCM is a vector that has the same number of samples as the original signal. 
All elements of this vector are zeros except the point of changing direction, equal 
to one.  

We used the DCM method to locate the ECG signal R peaks of the QRS 
complex. It is noted from Fig. 4 that each QRS complex is represented by at least 
a couple of negative minimum-positive maximum (the minimum for the positive 
slope and the maximum for the negative one) and the R peak that occurs between 
these two is represented by a DCM=1 for all peaks. So, we are in presence of an R 
peak if the DCM is not equal to zero.  
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Fig. 5.  (a) The high frequency filtering of one segment of 101 ECG recording from the MIT-BIH 
database and  (b) The low frequency filtering of another segment of  101 ECG  recording from  the 

MIT-BIH database. In blue: ECG signal, in black: filtered signal and in red baseline 

3. Method 

3.1. ECG signal filtering. The variations in the ECG baseline are seen in 
frequencies around 0.1 Hz, therefore they are equivalent to large orders of the 
approximation coefficients of the discrete wavelet transform. This property is very 
important for the elimination of the baseline distortions of the ECG signal. Our 
filter is based on the decomposition of the signal by a discrete wavelet transform 
and the choice of the mother wavelet ψ which gives the best results. After a 
comparative study between different levels and different types of mother 
wavelets, the decomposition is performed in the order 6 of the approximation 
coefficients and Daubechies (db11) mother wavelet. The following procedure is 
applied for low frequency filtering (Fig. 5b):  

1) Choose the type of mother wavelet.  
2) Compute the discrete wavelet decomposition in the order 6 of the ECG 

signal using Mallat’s algorithm by the introduction of the wavelet and the 
scaling coefficients of the approximation and detail filters respectively for 
the wavelet db11 in (5) and (6).  

3) Setting the approximation coefficients of zero order AC6(k) to zero, and 
letting the other approximation coefficients ACj(k) (1 ≤ j ≤ 6) and detail 
coefficients DCj(k) (1 ≤ j ≤ 6) unchanged.  

4) Rebuilding the ECG signal using the inverse discrete wavelet transform 
and the new coefficients, to have finally the last approximation 
coefficients that give the signal x(t). 
It was noted also that we can observe the high frequency noise of the ECG 

signal for low orders of detail coefficients of the discrete wavelet transform.  
Based on this important property, we design a nonlinear filter for the elimination 
of the high frequency noise.  The use of nonlinear filtering is due to the limitation 
of linear filtering to eliminate the high frequency noise or the signal rapid 
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variation and keeping the signal smooth at the same time. The nonlinear filtering 
based on the detail coefficients of the discrete wavelet transform gives good 
results without altering the characteristics of the signal.  

The high frequency filtering procedure is resumed in the determination of 
the detail coefficients by a discrete wavelet transform, and then set to zero the 
coefficients below a certain threshold, to finally reconstruct the filtered signal 
from the new coefficients using the inverse discrete wavelet transform (Fig. 5a): 

1) Choose a Daubechies mother wavelet db2.  
2) Compute the discrete wavelet decomposition of the noisy signal in the 

order 3 of the detail coefficients (6).  
3) Calculate the detail coefficients threshold of the first level DC1(k). We 

calculate the average value μ and standard deviation σ of the absolute 
value of detail coefficients DC1(k) of the ECG signal discrete wavelet 
transform. The threshold value will be:  

ܵ ൌ  ඥ2ln ሺܰሻ                                                         ሺ7ሻߪ
4) All the detail coefficients of all levels (DC1(k), DC2(k), DC3(k)) that are 

less than S will be set equal to zero, while the other coefficients will be 
modified to obtain new coefficients:  

ሺ݇ሻ݋ܯ௝,ଵஸ௝ஸଷܥܦ ൌ ൝
௝ሺ݇ሻܥܦ െ ሺ݊݃݅ݏ ቀܥܦ௝ሺ݇ሻቁ ܵሻ, ௝ሺ݇ሻܥܦ ݂݅ ൐ ܵ
0                                                   , ௝ሺ݇ሻܥܦ ݂݅ ൑ ܵ

   ሺ8ሻ       

5) Calculate the inverse discrete wavelet transform using these new 
coefficients in order to have the filtered signal.  

3.2. QRS complexes location. Our detection method is based on the use of 
different types of wavelet transform properties for locating with precision QRS 
waves, and is described by the following.  
We calculate the dyadic wavelet transform of the ECG signal x(t) in (4), and then 
choose the level 23 (j = 3) of this transform: 

ܹݕܦ ௫ܶ
టሺ3, ݇ሻ ൌ ଷ,௞ܥ ൌ 2ିଷ/ଶ න ሻݐሺݔ

ஶ

ିஶ
߰ሺ2ିଷሺݐ െ ݇ሻሻdݐ                  ሺ9ሻ 

The choice of this scale is due to the energy distribution mostly in the QRS 
interval as defined by the equivalent filter of the scale 23 (Table 1).  
We search for the dyadic wavelet transform positive maxima and negative minima 
to locate the various waves of the ECG signal. It may be noted that the DyWT of a 
QRS, which focuses on the location, has the largest amplitude in comparison with 
other ECG characteristic waves. This encourages us to use thresholds large 
enough so that we can detect the DyWT waves of the QRS, by proceeding as 
follows:  
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1) Choose a positive threshold Sp(k) and a negative threshold Sn(k). The first 
is used to determine the probable positive maximum mp(k) and the second 
for the probable minimum negative mn(k) of the QRS wavelet transform. 

2) Check if the DyWT calculated by (13) exceeds the thresholds, if 

ቊ
ଷ,௞ܥ ൐ ܵ௣ሺ݇ሻ,   ݋ݏ: ݉௣ሺ݇ሻ ൌ ݉ݑ݉݅ݔܽ݉ ݈ܾܾ݁ܽ݋ݎ݌ ܽ ݏ݅ ଷ,௞ܥ
ଷ,௞ܥ ൏ ܵ௡ሺ݇ሻ,   ݋ݏ: ݉௡ሺ݇ሻ ൌ        ሺ10ሻ          ݉ݑ݉݅݊݅݉ ݈ܾܾ݁ܽ݋ݎ݌ ܽ ݏ݅ ଷ,௞ܥ

Note that Mp(k) and Mn(k) are the maximum of mp(k) and the minimum of mn(k) 
for the same pair of negative minimum-positive maximum, respectively. 
 
 

 
 
 
 
 

 
 
 
 

Fig. 6.  The block diagram of the R-peak detector  
 

Table 2. 
R-peak detection results of our wavelets-based algorithm of fifteen MIT-BIH database 

records   

 

Records Beats 
Number FP FN 

Failed 
Detection 

(beats) 

Failed 
Detection 

(%) 
100 2273 0 0 0 0 
101 1865 0 1 1 0.05 
102 2187 0 2 2 0.09 
103 2084 0 0 0 0 
112 2539 5 0 5 0.20 
113 1795 0 2 2 0.11 
115 1953 0 0 0 0 
118 2275 0 0 0 0 
122 2476 0 0 0 0 
123 1518 0 3 3 0.20 
215 3363 0 2 2 0.06 
219 2154 0 7 7 0.32 
220 2048 0 0 0 0 
230 2256 7 0 7 0.31 
234 2753 0 0 0 0 

Total 
Number 33539 12 17 29 0.09 
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3) Make the adjustment of thresholds Sp and Sn using the following procedure:  
If  C3,k > 2 Sp(k), then 

 
otherwise 

 
We will have the positive thresholds: 

 
and if  C3,k< 2 Sn(k),  then 

 
else 

 
We will have at the end the negative thresholds:   

 
This step allowed us the determination of the negative minima-positive maxima 
pairs of possible QRS complexes transforms.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 7.  The R-peak detection: above the ECG signal, in the second position the DyWT of the order 
3, below the DCM and at the bottom the location of R peaks, of the records 102 for (a) and 113 for 

(b) of the MIT-BIH database 

(a) 
 

(b) 
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Table 3 
Comparison of results with those of various detection algorithms 

 

3.3. R-peak detection. Once we have located all the possible QRS complexes, we 
must now remove the redundant and isolated pairs. The main idea is to eliminate 
from two minima (or maxima) the minimum (or maximum) that is the farthest 
from the maximum (or minimum) of the pair, to have finally the negative 
minimum-positive maximum pair that are the nearest and which are most likely to 
be the wavelet transforms of the QRS complex. Then eliminate isolated negative 
minima-positive maxima pairs and those that are between two real QRS 
complexes. This is achieved by the removal of pairs that are at a distance less than 
0.45 times the mean of three random RR intervals. At the end of this stage, we 
will have a set of negative minima-positive maxima pairs representing the QRS 
complexes.  Since the peak of each complex or the R peak is situated between a 
negative minimum and a positive maximum, we therefore limit the search of the R 
peak in this interval.  

  Finally, we detect R peaks of different QRS complexes from the intervals 
limited by negative minima-positive maxima pairs.  For that, we use the DCM 
method. We are in the presence of an R wave if the DCM is not equal to zero (i.e., 
DCM = 1).  
Actually, we carry out a pretreatment before applying our detection algorithm. 
The ECG signal filtering by the low and high frequency filters helps to have a 
more accurate detection due to the removal of the baseline and high frequency 
noise that may distort the detection operation (Fig. 6). 

4. Results 

Our wavelet-based detection algorithm was applied to fifteen MIT-BIH 
database records of 30 minutes each. Few records (numbered from 100 to 124) 
have been selected randomly from selected patients and the other (numbered 200 
to 234) contain plots with major arrhythmic events. Most records were obtained 
by the modified derivation DII by placing the electrodes on the chest; in the 
others, precordial leads V1 and sometimes V2 or V5 were used [26]. We can check 
from Fig. 7 (102 and 113 records of the MIT-BIH database), the effectiveness of 
our algorithm to detect R peaks regardless of their types and of their different 

Detection 
Algorithm 

Total 
Beats 

Number 
TP FP FN Se P+

 
Failed 
Detect. 

(%) 

Detect. 
Accuracy 

(%) 
Our algorithm 33539 33510 12 17 99.95 99.96 0.09 99.91 
Yeh et al. [27] 33539 33509 22 8 99.98 99.93 0.09 99.91 

Adnane et al. [28] 33539 33513 23 3 99.99 99.93 0.08 99.92 
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rates. Table 2 shows the evaluation results of our algorithm using the false 
detection rate, computed from the false detections of QRS complexes. These false 
detections are the sum of false positive detections (FP) and false negative 
detections (FN). The FP represents the number of R peaks detected by the 
algorithm, whereas they do not exist in the records. The FN represents the number 
of R peaks that exist but are not detected by our algorithm. It is noted from the 
previous table that the detection results are very satisfactory, given a rate of total 
false detections equal to 0.09 %. Our detection algorithm based on wavelet 
transforms makes a true R wave detection rate equal to 99.91 %, despite the 
existence of different types of waves and anomalies in the records that may distort 
the detection. 

Our detection results were compared with those in the literature to better 
position our algorithm in relation with other works on the R wave detection of 
ECG signal. Table 3 compares our results with those of various detections 
algorithms by choosing the following parameters: the false detection rate, the 
accuracy detection rates, the sensitivity (Se) calculated by (17) and defined by 
how the method is able to detect true beats, and the positive predictivity (P+) 
which is defined as the ability of the method to discriminate false beats from the 
true ones (18): 

ܵ݁ ൌ ܶܲ/ሺܶܲ ൅  ሻ                                                 ሺ17ሻܰܨ
ାܲ ൌ ܶܲ/ሺܶܲ ൅  ሻ                                                 ሺ18ሻܲܨ

5. Discussion  

From the preceding results, we can state the following remarks:  
1) Our detection results, compared with those of the literature [27, 28] (table 

3), show that our failed detection ratio is very close to the ratios of the 
other methods, and it is also true for the comparison of our sensitivity (Se) 
and positive predictivity (P+) values (equal to 99.95 and 99.96 percent, 
respectively), which shows the ability of the algorithm to detect true peaks 
and to eliminate the false ones.    

2) Our method is very efficient in terms of precision of R peaks location, if 
we compare it with the method of  Li et al. in [14] based on wavelet 
transform (WT) that detects R waves as the zero crossing of the WT. The 
latter method is efficient if there is no deformation of the baseline, but if 
so, there will be a shift in the location because of the zero line moving.  

3) The speed of our method appears in comparison with the same method of  
Li et al. in [14] which uses the wavelet transform at different levels but our 
detection algorithm is based on a single order (23) to locate the QRS 
complexes. In addition, we conduct this localization by a threshold for the 
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negative minimum and another for the positive maximum, so we can 
detect the real QRS complex and not other waves, in contrary to the 
method in [14] which uses a single threshold for the same pair of negative 
minimum–positive maximum.  

4) Our method is also fast when compared to Xue et al. algorithm [11] based 
on neural networks that takes an enormous time in the learning phase. 

5) The complexity analysis is used to estimate the performance of our 
algorithm compared with those of Yeh et al. [27] which uses a difference 
operation method and Adnane et al. [28] that uses three thresholds in the 
decision stage to compare three signal transformations (squared, 
normalized and differenced signals). Here, the computational complexity 
is mainly evaluated in terms of real-valued multiplications, divisions and 
different iteration steps required for implementing each algorithm. 
Additions, subtractions and assignment statements are neglected because 
they are much quicker in most hardware platforms. The complexity of our 
algorithm is calculated in two steps; the location of QRS complexes by 
dyadic wavelet transform method and the detection of R peaks using DCM 
method, and it is O(N) (i.e., order N or greater where N is the samples 
number). However, in [28], an interval of searching R peaks is applied on 
each candidate peak. This additional step will increase the complexity of 
the algorithm by searching each time in an interval of length M, thus, the 
calculated complexity of this method is O(M)+O(N), the N term is due to 
different operations (multiplication, thresholding, etc.). The R-peak 
searching window is also used in [27], in addition to O(Nlog2N) term due 
to the use of a spectral representation when performing low-frequency 
filtering; so the total complexity of this algorithm is O(M)+O(Nlog2N). We 
can conclude from this complexity study that our algorithm is faster in its 
execution compared with the two other methods where a search subset is 
applied and additionally for the method in [27], the algorithm has O(log2N) 
of operations value increase in the complexity of calculation.  

6. Conclusion 

It was developed in this paper, a new method for detecting R waves of 
electrocardiogram signal based on the dyadic wavelet transform and direction 
change mark method. This algorithm has given good performance in terms of the 
accuracy of the location of the QRS complex on the one hand, and in terms of the 
simplicity of the mathematical calculations used and the speed of execution on the 
other. However, the artifacts that exist in few records such as records 219 and 230 
have distorted the detection of true R peaks, despite the use of the filtering unit in 
the pretreatment step. 
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