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ABSTRACT 

Obstructive Sleep apnea (OSA) is a serious sleep disorder in which the obstruction of breathing occurs 

which may be dangerous in the normal living life. So the diagnosis of OSA in the electrocardiogram 

(ECG) is required in the research field of biomedical signal processing. So Heart rate variability is used 

for the diagnosis as this sleep disorder has a major effect on HRV. HRV involves the use of fast Fourier 

Transform (FFT) for the calculation of the low frequency and the high frequency power directly from 

the RR Intervals in the ECG signals. In this study we have implemented the HRV with the help of 

Wavelet Packet decomposition in which the evaluated RR Intervals are decomposed in the low 

frequency band (0.04-0.15 Hz) and the high frequency band (0.15-0.4 Hz). Then further the FFT will 

be used to calculate the power spectral densities in these frequency band and the Low frequency to high 

frequency ratios will be evaluated which will be the deciding factor for the detection of sleep apnea in 

the ECG signals. As the LF/HF ratio will be higher in the case of apnea ECG signal and it will be lower 

in the case of normal ECG signal. Both these methods are compared in this study on the basis of the LF 

power, HF power, LF/HF power for the detection of sleep apnea. These values will vary on the severity 

of the sleep apnea known as apnea–hypopnea index (AHI ) which the number of apnea and hypopnea 

events per hour of sleep. 

 

 

INTRODUCTION 

Sleep Apnea is the sleep disorder in which the breathing is obstructed for few seconds or even few 

minutes as well. Sleep apneas can be classified as follows: obstructive (OSA), central (CSA), and a 

combination of the two called mixed (MSA). Among these the most common one is OSA whose 

symptoms include restless sleep, insomnia, trouble concentrating, mood changes, increased blood 

pressure and loud snoring. Approximately 6% of adults and 2% of children are affected by OSA.  Males 

are affected almost twice than the number of women. There is no age constraint for sleep apnea but 

mostly 55 to 60 years old people are affected. About less than than 1% of people are affected by CSA.  

It can be detected in an electrocardiogram (ECG) during sleep stages. 

 

The physiological phenomenon of variation in the time interval between heartbeats is known as Heart 

Rate variability (HRV), also known as RR variability which tells about the changes in the RR Interval 

(the interval between the successive R to R peak of QRS complex in an ECG signal). It is measured by 

the changes in the beat-to-beat interval of ECG signal. HRV Analysis can be done in the time domain 
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as well as frequency domain. In time domain methods the features like: SDNN, the standard deviation of 

RR intervals, RMSSD ("root mean square of successive differences"), SDSD ("standard deviation of 

successive differences") and many more are extracted for detection of apnea. The classification can be 

done by the Support vector machines(SVM) and K-Means Clustering. Frequency domain methods 

assign bands of frequency and then number of RR intervals are estimated that match each band. The 

frequency bands are: high frequency (HF) from 0.15 to 0.4 Hz, low frequency (LF) from 0.04 to 

0.15 Hz, and the very low frequency (VLF) from 0.0033 to 0.04 Hz. The importance of HRV analysis 

is that the low frequency powers and the high frequency power can be determined which can be effective 

in the detection of sleep apnea. Patients who suffer from OSA are having high levels of sympathetic 

nervous system activity as compared to the normal patients. So this sympathetic and parasympathetic 

activity need to be determined from the ECG data for the classification of sleep apnea. For this the low 

and the high frequency powers need be evaluated for the further calculation of the LF/HF ratio which 

will distinguish between the sleep apnea and the normal ECG as the LF power correspond to the 

sympathetic and parasympathetic activity in the ECG signal. 

 

 

MATERIALS AND METHODOLOGY 

Datasets 

The sleep Apnea database was downloaded in the form of edf files as well as mat files from the website 

www.physionet.org. In this study twenty minutes (1200 seconds) of ECG Data was taken for the further 

processing. These ECG data has the sampling frequency of 100Hz. One category is of Normal ECG 

data and the other category is Apnea ECG data. The duration of the data can be varied as per 

requirement. 

 

 

RR Interval Estimation 

An ECG signal consists of the P wave, QRS complex , T wave and a small U wave .The ECG signals 

are detrended if there are any trends in the signals and are denoised as well. Initially, all the R peaks are 

detected in the QRS complexes using Pan-Tompkins Algorithm or Thresholding algorithms. Once the 

R peaks are detected in an ECG signal, the times at which these peaks are detected are calculated and 

the consecutive differences between these R peak times are calculated known as RR Interval. In Pan 

Tompkins Algorithm, Cancellation of DC drift and normalization is done, then Low pass filtering and 

high pass filtering is applied accordingly. Derivative filtering is applied and squaring of the resultant 

output. Moving Window Integration is done in the end to get the Q R S points. Once these points are 

detected and marked in the signal, the R peaks can be calculated by the Thresholding technique in which 

the Thresholds are calculated for every segment of the signal and if the value of the signal is greater 

than that Threshold value, the R peaks are detected. The values of these R peaks are calculated 

accordingly. But the main concern regarding HRV is the RR Interval which the difference between the 

consecutive Times at which the R peaks are detected. In this way, the RR intervals of the whole ECG 

data can be estimated and can be used for further processing in the frequency domain. The RR intervals 

are plotted with respected to time. The variations in the RR Intervals correspond to the HRV. 
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The LF/HF Ratio can be calculated by two methods. In the first method directly by the Power Spectral 

densities of the HRV in the Low frequency band and the high frequency band and then by dividing 

them, the ratio can be calculated. The second one which is more effective using the Wavelets Packets 

Decomposition. In this method initially the RR Intervals are reconstructed in the low frequency region 

and the high frequency region. The reconstruction of these RR Intervals is done by decomposing the 

RR Intervals via wavelet Packet tree to get the desired regions of Low frequency band (0.04-0.15 Hz) 

and high frequency band (0.15-0.4 Hz). Then the power of the Low frequency reconstructed RR 

intervals and of the high frequency reconstructed RR intervals are calculated via Fourier Transform 

method, then the ratio of these powers gives the LF/HF Ratio of HRV which helps in the detection of 

the Sleep Apnea. In the whole ECG signal wherever the sleep apnea is occurring the LF/HF ratio was 

getting increased according to the segments where there is no sleep apnea (normal ECG signal). 

 

Evaluation of LF/HF Ratio 

Then the Power spectral densities of the RR intervals are evaluated by taking the fourier Transform of 

the RR Intervals and the squaring. Because the signal is real-valued, only need power estimates for the 

positive or negative frequencies are required. For the conservation of the total power, multiply all 

frequencies that occur in both sets -- the positive and negative frequencies - by a factor of 2. Zero 

frequency (DC) and the Nyquist frequency do not occur twice. Finally the periodogram in decibels per 

hertz using FFT can be obtained. These are the powers of the Heart rate variability which includes all 

the frequency band. But for the estimation of Low frequency to High frequency Ratio (LF/HF Ratio) 

only the powers which fall under the Low frequency range (0.04-0.15 Hz) and the high frequency range 

(0.15-0.4 Hz) are considered. The Low and the high powers can be calculated by integrating over these 

frequency range. Then the LF/HF Ratio can be calculated by dividing these two powers. This LF/HF 

ratio is very essential for the Obstructive sleep Apnea detection in the ECG signals.  

 

 

LF/HF Ratio using Wavelets Packet Decomposition Method 

A wavelet is a wave-like oscillation in which the amplitude begins at zero, increases, and then decreases 

back to zero. There are many types of wavelets available for example: symlets, haar, Daubechies, 

coiflets wavelets, etc. The types of wavelets are selected according to the input signals. Wavelets are 

very useful for the denoising in the signal processing. A large number of wavelet transforms are 

available for different applications in the signal processing like: Continuous wavelet transform (CWT), 

Discrete wavelet transform (DWT), Wavelet packet decomposition (WPD). In this case Wavelets 

Packets decomposition will be used for decomposing the RR Intervals (HRV) into frequency sub-bands. 

It is also known as  Optimal Subband Tree Structuring (SB-TS) (sometimes known as just Wavelet 

Packets or Subband Tree) is a wavelet transform in which discrete-time (sampled) signal is passed 

through more filters than the discrete wavelet transform (DWT). 

In the DWT, Only The previous wavelet approximation coefficients (cAj) are passed through 

discrete-time low and high pass quadrature mirror filters for each level for calculation. While in 
WPD, both the detail (cDj (in the 1-D case), cHj, cVj, cDj (in the 2-D case)) and approximation 
coefficients are decomposed to create the full binary tree, also known as wavelet packet tree.If we 
Subsample a signal sampling rate is reduced, or some of the samples of the signal are removed.. 
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The figure 1 shows the Wavelet Packet decomposition over 3 levels where g[n] is the low-pass 
approximation coefficients and h[n] is the high-pass detail coefficients. 

 

Figure 1. Wavelet Packet decomposition upto 3 levels 

 

In general if n levels of decomposition takes place, the WPD produces 2n different sets of coefficients 

(or nodes) while (3n + 1) sets for the DWT. However, the overall number of coefficients is still the 

same and there is no redundancy because of the downsampling process. 

After the Wavelet packet decomposition, the wavelet packet tree is constructed according to the 

sampling frequency of the RR Intervals. The tree is decomposed till the desired frequency bands are 

acquired and then the required Coefficients of certain levels in the packet tree are reconstructed 

accordingly to get the Low frequency reconstructed and the high frequency reconstructed RR Intervals. 

After having these signals, the Powers can be calculated using FFT. The Low frequency band power 

and the Low frequency band power are evaluated respectively and the ratio of these two powers gives 

the LF/HF Ratio which is used for the sleep Apnea detection in an ECG signal. 

 

RESULTS 

Initially R peaks are detected from the ECG data and then the RR Intervals are calculated from those R 

peaks as shown in the figure 2. After RR Intervals evaluation, the RR interval plot in figure 3 with 

respect to time shows that in 1200 sec of this apnea ECG data 1214 RR intervals are determined so the 

sampling frequency of RR Intervals of this apnea data is 1.01Hz (1214/1200). Like this the sampling 

frequency of RR intervals in every ECG signal can be evaluated and in our case it is around 1 Hz. The 

Power spectral Density of the RR Intervals is plotted by the FFT. Then after taking the area under the 

curves in the low frequency band (0.04-0.15 Hz) and the high frequency band (0.15-0.4 Hz). The Low 

frequency and the high frequency components are evaluated through which the LF/HF Ratio is 

calculated for every ECG data. The Low frequency power, high frequency power and LF/HF Ratio is 

shown in the table for different apnea ECG data and normal ECG data which differentiates between the 

sleep Apnea and normal ECG data on the basis of LF/HF Ratio value.  
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Figure 2. R peak detection plot 

 

 

Figure 3. RR Interval Plot in seconds with respect to time 

 

Figure 4 and 5 shows the FFT and PSD of evaluated RR Intervals respectively. 



 

Figure 4.  Fast Fourier Transform of RR Interval Plot with respect to frequency 

 

 

Figure 5.  power spectral density of RR Interval Plot with respect to frequency 

So the LF, HF power and LH/HF ratios can be evaluated in both cases Apnea and normal ECG 

signals. Table 1 and 2 shows LF, HF Power and LF/HF Ratio of Apnea and Normal EDF files 

 

Apnea EDF Files LF Power(in sec2) HF Power(in sec2) LF/HF Ratio 
A1 0.0095 0.0086 1.0976 

A6 0.0034 0.0029 1.1985 

A7 0.0023 0.0008 2.5947 

A14 0.0082 0.0046 1.7678 

A21 0.0299 0.0163 1.8337 

 

Table 1. LF, HF Power and LF/HF Ratio of Apnea EDF files 



 

 

 

Table 2. LF, HF Power and LF/HF Ratio of Normal EDF files 

 

LF/HF Ratio from Wavelets Packet Decomposition 

The other method of calculating the LF/HF ratio which is a WPD illustrates the better analysis of the 

HRV in the frequency domain. As the sampling frequency (fs) is 1 Hz so the Wavelet Packet 

Decomposition is going to occur from 0.5Hz (fs/2), as the maximum frequency in a signal of sampling 

frequency fs is fs/2. So in the wavelet packet tree the decomposition starts from 0.5 Hz till the 5th level 

as per the requirement of the low frequency and high frequency band. At first level 0-0.25 Hz and 0.25-

0.5 Hz and so on. The wavelet Packet tree is shown in the figure 6. Then for the reconstruction of the 

RR Intervals the 5th level is going to be considered. For low frequency region the nodes number from 3 

to 9 will be reconstructed by adding them and for high frequency region the nodes number from 10 to 

25 will be reconstructed by adding them. So the low frequency and the high frequency reconstructed 

RR intervals are shown in the figure 7 and figure 8 respectively.. 

 

Figure 6.  Wavelet Packet decomposition Tree upto 5 levels 

 

Normal EDF Files LF Power(in sec2) HF Power(in sec2) LF/HF Ratio 
N1 0.0165 0.0434 0.3806 

N2 0.0027 0.0061 0.4448 

N4 0.0103 0.0272 0.3803 

N7 0.0640 0.1386 0.4621 

N8 0.1051 0.2347 0.4480 



 

Figure 7.  Low frequency reconstructed RR Interval Plot in seconds with respect to time 

 

Figure 8. High frequency reconstructed RR Interval Plot in seconds with respect to time 

 

Once these RR Intervals are reconstructed in the desired frequency bands (LF and HF band), the low 

frequency power and the high frequency powers are evaluated from the Fourier transform of these 

reconstructed LF and HF RR intervals. The Power spectral density of both these reconstructed signals 

are plotted as shown in the figure 9 and figure 10. The area under the curves will give the respective LF 

power and HF power  F 



 

Figure 9.  power spectral density of low frequency reconstructed RR Interval Plot 

 

Figure 10. power spectral density of High frequency reconstructed RR Interval Plot 

 

The ratio of these LF and HF powers will give the LF/HF ratio which will be analysed for sleep apnea 

detection.Table 3 and 4 shows the LF, HF Power and LF/HF Ratios for Apnea and Normal EDF files 

Apnea EDF Files LF Power(in sec2) HF Power(in sec2) LF/HF Ratio 
A1 0.0346 0.0658 0.526 

A6 0.0146 0.0270 0.545 

A7 0.007 0.0068 1.0401 

A14 0.0215 0.0381 0.564 

 

Table 3.  LF, HF Power and LF/HF Ratio of Apnea EDF files 

 



 

 

 

Table 4.  LF, HF Power and LF/HF Ratio of Normal EDF files 

 

 

 

 

DISCUSSION  

The LF/HF ratio in the ECG signal denotes the sympathovagal balance. Both these methods give almost 

the same LF/HF ratios with slight difference. The inference what we can get is that the LF power and 

the LF/HF Ratio is getting increased in sleep Apnea case as compared to the normal case which signifies 

that there is a strong sympathetic activity in the ECG signal. HRV may also be affected during daytime. 

By comparing these two methods in the first method the RR Intervals were directly considered for the 

LF/HF ratios calculation. The low frequency band power and the high frequency band power were 

decided directly from the fourier transform of RR interval without removing the frequencies out of the 

required range. Those unnecessary frequencies were just not considered in the area under the curves for 

the Low and the high frequency power calculations.  

 

While in the case of Wavelet packet decomposition method, the RR intervals are denoised or they were 

reconstructed by removing those unnecessary frequency bands (0-0.04 Hz and 0.4-0.51Hz) and the RR 

intervals in the required range were calculated and reconstructed in the LF and HF band. The LF and 

HF powers were calculated from those reconstructed signals. There is no doubt that these powers and 

LF/HF ratio are going to vary from data to data. From these results it is clear that the LF/HF ratios are 

having dependency on the sleep stages and the ages of the patient. The table 5 below shows the values 

with and without using Wavelet packet decomposition. 

  

                 Without WPD                         With WPD 
LF Power(in sec2 ) LF/HF ratio LF Power(in sec2 ) LF/HF ratio 

0.0095 1.0976 0.0346 0.526 

0.0034 1.1985 0.0146 0.545 

0.0023 2.5947 0.007 1.0401 

0.0082 1.7678 0.0215 0.564 

0.0299 1.8337 0.0211 0.583 

 

Table 5.  LF Power and LF/HF Ratio of Apnea EDF files with and without WPD 

 

Normal EDF Files LF Power(in sec2) HF Power(in sec2) LF/HF Ratio 
N1 0.1087 0.4349 0.2499 

N2 0.0162 0.0672 0.2384 

N4 0.0217 0.0922 0.2355 

N7 0.0632 0.2961 0.2239 

N8 0.3598 1.4327 0.2511 



 

 

CONCLUSION 

This study done to diagnose the OSA in the ECG signal by performing the heart rate variability using 

frequency- domain analysis in patients with Obstructive Sleep Apnea (OSA) proves that there was 

increment in the sympathetic activity and a parasympathetic attenuation in patients with OSA and the 

LF power is higher and the HF power is lower so the LF/HF ratios are increased in the OSA patients as 

compared to the normal patients. These values are also going to have the dependency on the severity of 

apnea. Both these methods implemented here are verifying that the OSA has higher LF power and 

LF/HF ratio. Further the study can be extended to break the long ECG signals into segments of particular 

duration and by overlapping those segments of particular duration and this methodology can be applied 

for the calculation of LF/HF ratios of these segments and the data can be interpreted that in which 

duration the sleep apnea is detected in the entire ECG data. 
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