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Abstract. In this paper, the performance of Empirical Mode Decomposition 
(EMD) applied in biomedical signals is investigated and especially it is consid-
ered the case of electrocardiogram (ECG). Synthetic ECG signals corrupted 
with White Gaussian Noise (WGN) as well as real ECG records are employed 
and a variety of time series lengths is processed with EMD in order to extract 
the Intrinsic Mode Functions (IMF). Computation time is measured upon the 
completion of the process in simulation campaign stage and real records stage 
and the results are compared in both cases. Spectral characteristics of the time 
series as well as the tendency to exhibit extrema are the key factors with sig-
nificant impact on both computation time as well as the total number of IMFs 
produced.  
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1   Introduction 

Extraction of meaningful information derived from signals corrupted by noise is ac-
complished with the utilization of data analysis methods. Many traditional methods 
for processing are employed under the assumption of stationarity of the sampled sig-
nal and the linearity of the physical process that produces these signals.  

Fourier transform is a widely used technique, albeit ineffective in processing non-
stationary data and signals originating from nonlinear systems, because of the proper-
ties of the basis functions that are incapable of following spectral changes in time. 
Wavelet analysis [1,2] and the Wigner-Ville distribution [3] are designed for non-
stationary data extracted out of linear systems with intrinsic limitations in characteriz-
ing in a detailed fashion the time-frequency composition of signals from nonlinear 
processes.  

A joint function in both time and frequency domains is considered to be an effi-
cient approach towards overcoming the limitations of the traditional techniques [4]. 
However, Short-time Fourier transform [5], a characteristic tool for time-frequency 
representation, has fixed time and frequency resolution in order to follow signals with 
bursts and quasi-stationary components. Research on the field of time-frequency rep-
resentations is ongoing and fruitful in terms of number of different methods that 
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tackle with certain limitations. Still most of the existing nonlinear time series analysis 
methods refer to stationary signals [6] and a necessary condition for the processing of 
nonlinear and nonstationary data, namely the adaptive basis, is often underestimated.  

Most of the biosignals are related to the dynamic biological systems ruled by 
nonlinear equations and they are considered to be nonlinear and nonstationary. Deal-
ing with nonlinearity and nonstationarity requires an adaptive nature of the processing 
method. A priori defined sophisticated basis functions face difficulties in meeting the 
requirement of adaptation which a data driven basis function implies.  

A recently proposed method, the Hilbert-Huang Transform (HHT) [7], satisfies the 
condition of adaptation employed in processing of nonlinear and nonstationary data. 
The HHT consists of EMD and Hilbert Spectral Analysis (HSA) [8]. The lack of 
mathematical foundation and analytical expressions poses a problem for the theoreti-
cal study of the method. Nevertheless there has been an exhaustive validation in an 
empirical fashion especially in the time-frequency representations [9].  

The core of the method is Empirical Mode Decomposition which resolves a signal 
into its components adaptively without using an a priori basis. The decomposition is 
based on the local time scale of data. The adaptive nature of the process successfully 
decomposes time series from nonlinear processes and nonstationary signals in the 
time domain. Each component extracted from the original signal through an iterative 
and sifting process is required to satisfy certain conditions in order to be characterized 
as IMF. 

Application of EMD in time series data results in the production of a set of IMFs 
and a residual signal. The notion behind this procedure is that a subset of the IMFs is 
directly related to the underlying physical process. The decomposition is based on the 
assumption that data consists of different simple intrinsic modes of oscillations and 
after the production of the IMF set, well-behaved Hilbert transforms compute physi-
cally meaningful instantaneous frequencies, thus constructing the Hilbert spectrum.  

Unlike wavelet processing, Hilbert-Huang transform decomposes a signal by direct 
extraction of the local energy associated with the time scales of the signal. This fea-
ture reveals the applicability of HHT in both nonstationary and nonlinear signals.  

Literature references’ variety reveals the extensive range of EMD applications in 
several areas of the biomedical engineering field. Particularly there are publications 
concerning the application of EMD in the study of Heart Rate Variability (HRV) [10], 
analysis of respiratory mechanomyographic signals [11], ECG enhancement artifact 
and baseline wander correction [12], R-peak detection [13], Crackle sound analysis in 
lung sounds [14] and enhancement of cardiotocograph signals [15]. The method is 
employed for filtering electromyographic (EMG) signals in order to perform attenua-
tion of the incorporated background activity [16]. Numerous research papers have 
been published concerning applications of EMD in biomedical signals and especially 
towards the direction of optimizing traditional techniques of acquisition and process-
ing of signals such as Doppler ultrasound for the removal of artifacts [17], the analy-
sis of complex time series such as human heartbeat interval [18], the identification  
of noise components in ECG time series [19] and the denoising of respiratory  
signals [20].  

The contribution of this work is twofold. First, it proposes a mixed scheme based 
on EMD with an additional pre-processing stage, prior to the EMD application, to be 
defined according to signal's special characteristics. In this paper, both simulated and 
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experimental ECG time series are employed and some types of filters are used as a 
filtering stage. Number of IMFs is measured for both filtered and non filtered cases in 
order to comparatively evaluate the introduction of the pre-processing stage in terms 
of number of extracted IMFs. Secondly, this work investigates the role of basic pa-
rameters such as time series length and signal to noise ratio (SNR) involved at the 
determination of the total computation time.  

2   Synthetic and Experimental ECG Time Series 

Synthetic electrocardiogram time series (Fig. 1) are produced artificially by a (soft-
ware) generating function. The amplitude is expressed in normalized voltage values, 
taking into account the magnitude scales of the various complexes from experimental 
time series. For comparison purposes MIT-BIH ECG signals [21] are used as refer-
ence signals. 

Simulated ECG time series are corrupted by White Gaussian Noise in order to pro-
duce noisy ones in multiple SNR levels from 0dB to 35dB. Data length varies from 
500 to 8000 samples in numerical experiments where simulated noisy ECG time se-
ries are incorporated.  

Two series of tests are conducted targeting to measure the total number of IMFs as 
a function of time series length and SNR in simulated ECG time series and the total 
computation time after the application of EMD until the completion of the whole 
process. A small sample incremental step is chosen for simulations targeted to evalu-
ate the impact of time series length on the number of extracted IMFs. On the other 
hand, the maximum number of samples for the process of estimating the computation 
time in respect to time series length and SNR is 8000 and the step is 1000.     

 

Fig. 1. Simulated ECG and addition of white Gaussian noise in 25dB SNR 

In the case of real MIT-BIH ECG time series, the SNR as independent variable is 
not considered since these recordings already contain noisy components which are 
generally uncontrollable and unknown. However, time series lengths are selected 
without any restrictions sharing a common range with the simulated ones.  
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3   Results  

3.1   Number of IMFs as a Function of Time Series Length and SNR 

The study for the effect of time series length on the total number of IMFs is carried 
out comparatively by employing two widely used ECG filters. The variable of SNR as 
the second independent variable is determined by the process of noise addition to the 
simulated ECG time series and the production of the White Gaussian noisy simulated 
ECG time series. The composite impact study of time series length and SNR into the 
total number of IMFs reveal the indirect relation of noise level with the outcome of 
EMD method through the determination of the extrema and the distribution of them at 
the time series. An intrinsic mode function set is considered to be related at least for a 
subset with the underlying physical process that produces the biomedical signal. Ap-
plication of Hilbert Transform on the IMFs set delineates the instantaneous frequen-
cies and forms a time-frequency distribution of the signal for each IMF. The number 
of the IMF set is critical in the sense that any procedure applied on the time series 
may distort the signal characteristics resulting in a different IMF set. Currently, there 
is no robust methodology (optimum algorithm thresholds or filter's characteristics) in 
order to produce the optimum IMF set in terms of richest physical meaning or undis-
torted instantaneuous frequencies.  

In the first case, a Savitzky Golay filter is incorporated due to the well known be-
havior in the preservation of the time series extrema. Various synthetic ECG time 
series of multiple lengths are processed with EMD and the total number of IMFs is 
monitored. Secondly, a low pass filter with frequency cutoff equal to 40Hz [22] is 
employed which tends to affect high frequency content of the time series and the 
extracted IMFs exhibit attenuated power in higher frequencies, resulting in a degraded 
peaky nature compared to the unfiltered one. Distortion in the tendency of the time 
series to exhibit peaks results in a significant impact on the total number of IMFs 
produced at a wide range of SNR levels. Low pass filters are used in electro cardiol-
ogy to limit artifact for routine cardiac rhythm monitoring and reduce 50 or 60 Hz 
power line noise.  

Figure 2 and 3 depict the results of the application of EMD on White Gaussian 
noisy simulated ECG time series of various lengths and SNR levels compared with 
the non application case. 

Concerning the Savitzky-Golay case, the filter seems to have minimum effect on 
the filtered and non filtered case in various SNR levels in terms of number of ex-
tracted IMFs.  Actually, these curves indicate the good performance of this filtering 
method in preserving the extremas in ECG signals and stress the high sensitivity of 
interpolation techniques implemented in the EMD algorithm in terms of accurate 
detection of peaky values. 

3.2   Computation Time 

The computation time for the EMD processing of simulated and real records ECG 
time series is related to the nature of the processed signal and the tendency to exhibit 
extremas. Apart from the number of extremas, another significant parameter is con-
sidered to be the distribution of the peaks in the whole range of time series length and 
inside the various ECG complexes. 
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Fig. 2. 3D plots of the number of IMFs as a function of the SNR and the time series length for a 
simulated White Gaussian Noise corrupted ECG without the filtering with lowpass filter (left 
figure) and at the right figure with the application of the lowpass filter 

 
 

Fig. 3. 3D plots of the number of IMFs as a function of the SNR and the time series length for a 
simulated White Gaussian Noise corrupted ECG without filtering with Savitzky-Golay (left 
figure) and at the right figure with the filtering of Savitzky-Golay 

An indirect way to estimate computation time is through the number of extracted 
IMFs. Specifically, computation time is monotonically increasing as the IMF set is 
growing and the fashion of this relation is quasi proportional. It is also affected by the 
total number of iterations required for the extraction of the IMF set. This goes down 
to implementation issues concerning the EMD algorithm and the thresholds used in 
termination criterion and even in the maximum number of iterations allowed.  

For the simulated ECG time series, the length and SNR are controlled independent 
variables whilst for the experimental ECG the level of noise superimposed in the 
signal is generally unknown. The independent variable in real ECG records is the time 
series length. 

Multiple time series lengths of simulated ECG are studied providing an overview 
of the computation time variation as a function of the length for various filtered time 
series. For demonstration reasons the minimum and maximum number of samples 
(1000, 8000) are depicted in figure 4. Due to the improvement of signal to noise ratio, 
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noise levels are decreased and the number of noise samples superimposed to ECG 
time series is reduced. Spline interpolation scheme produces less uniform waveforms 
for the EMD envelopes resulting in significant increase of iterations required for the 
IMFs decomposition. The increase of computation time in 8000 samples time series 
with the increase of SNR is significant in lowpass fitltered time series compared to 
the corresponding increase in computation times monitored in Savitzky-Golay filtered 
time series. The combination of two components, the SNR variation and the impact of 
filtering in the peaky nature of the time series results in the composite behavior of the 
time series depicted in figure 4.    

In figure 5, the variation of computation time in real ECG records is presented as a 
function of length along with the standard deviation. The pattern of the variation in 
computation time is dependent on the specific characteristic of the record sample 
(possible pathologies or ECG distortions) and its spectral characteristics. There is a 
tendency of computation time to increase as the time series length increases but the 
pattern of this tendency is not common in every ECG record.   
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Fig. 4. Comparison results of EMD Computation Time for 1000 and 8000 samples of Simu-
lated ECG time series 
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Fig. 5. EMD Computation Time in experimental MIT-BIH ECG time series for various time 
series lengths 
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4   Discussion – Conclusions 

The introduction of a filtering stage before EMD application is studied and the effects 
of this scheme are investigated. Simulation results reveal that according to the type of 
filtering performed on data sets, variations are observed in the total number of IMFs 
reflecting to changes in total processing time as well. Filtering stage affects the  
spectral characteristics of the input signal and distortion of the time series’ statistical 
and spectral content have an effect in the performance of EMD algorithm. Based on 
the inherent properties of the time series to be processed, one may select an appropri-
ate pre-processing stage in order to achieve smaller number of IMFs and optimized 
processing time without changing in a significant degree the physical content of 
IMFs.  

Total computation time is an essential aspect in transferring EMD algorithm from 
units with adequate processing power to embedded level in an efficient programming 
way. In multiple time series lengths, it is observed that computation time is monotoni-
cally increasing with the increase of SNR values. It is expected that the time series 
length is another significant parameter with a quasi proportional relation to the total 
computation time in simulation approach. However, this is partially verified in ex-
perimental ECG time series due to the involvement of various factors such as patho-
logical situations in the signal and artifacts that seriously affect the application of 
EMD algorithm. Nevertheless, the increase tendency of computation time with the 
increase of length still exists. 

EMD implementation takes into account the termination criterion, a significant pa-
rameter to be optimized in order to avoid numerous iterations for the extraction of 
IMFs. Research effort is still to be undertaken to investigate in what degree tight re-
strictions in number of iterations drain the physical content of IMFs. An optimization 
procedure for both termination criterion and number of iterations is an open issue in 
this field. 

In low SNR levels, noise is prevalent in the time series, reflecting in a smoother 
spline and generally faster extraction due to smaller number of iterations. In high 
SNR values, it is observed a clear tendency towards the increase of computation time 
raising the issue of the magnitude of noise to be added in the signal in noise assisted 
data analysis methods. 
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