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Abstract—This paper presents the findings of an 

investigation into Partial Discharge signal denoising using 

techniques based on Empirical Mode Decomposition. The 

denoising techniques are based on thresholding the Intrinsic 

Mode Functions which result from the Empirical Mode 

Decomposition of a signal. The results of the tests carried 

out show clearly that these techniques can produce excellent 

results when applied to simulated Partial Discharge data. 

Furthermore, in the case of the data used in these 

simulations the techniques are able to outperform a Discrete 

Wavelet Transform based denoising technique. 

 

Index Terms—empirical mode decomposition (EMD), signal 

denoising, partial discharge 

 

I. INTRODUCTION 

Within electrical power systems partial discharges (PD) 

monitoring provides an effective tool to evaluate 

degradations in insulating systems in high voltage 

equipment. However, field measurements of PD signals 

are very weak and are often seriously distorted by 

interfering noise sources within the environment. This 

presents great difficulties in PD detection and 

classification. In this respect, noise reduction of the 

sampled PD signal is crucial. In recent years a number of 

noise reduction techniques have been applied to PD. One 

of the most successful techniques utilises the wavelet 

transform,thresholding the resultant wavelet coefficients 

as proposed in [1]. Some very good results have been 

achieved based on this technique [2], [3], [4], [5]. Within 

this work we employ the wavelet inspired EMD 

denoising method[6] to PD signals. 

The Empirical Mode Decomposition (EMD) is an 

algorithm used to break a signal down into a series of 

zero mean oscillatory modes, known as Intrinsic Mode 

Functions (IMF). The decomposition is achieved by a 

technique known as the sifting process.[7] Due to the 

nature of the sifting process the resulting IMFs tend to 

contain components which decrease in frequency as the 

order of the IMFs increase [8]. For this reason the 
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technique lends itself well to a wide variety of 

applications [9]. One of the most significant being signal 

denoising.  

Several techniques have been proposed to allow the 

EMD process to be used as a denoising tool. For example 

in [10], [11] techniques are based on using energy 

estimation of the IMFs as a tool to determine which IMFs 

should be retained. The most effective methods however 

are based on thresholding the IMFs to ensure the 

maximum amount of signal can be retained. Many 

techniques are based on direct thresholding of the IMFs 

as would be done in the case of wavelets denosing [6], [8]. 

Other novel approaches include denoising based on 

entropic interpretations of the IMFs [12]. In[13] three 

advanced, wavelet inspired techniques were proposed 

which produced excellent results. Although many of 

these techniques have been applied to real world 

signals[14],[15] relatively little work has been carried out 

to understand how they will perform when applied to 

partial discharge data. Although some errors have been 

highlighted relating to the envelope algorithm [14], the 

technique has proven to be a powerful denoising tool for 

signals with similar characteristics to PD [16], [17].  

The simulations in this investigation are based on 

applying these techniques to noise corrupt partial 

discharge data. A comparison will then be drawn with a 

well-established and extremely effective denoising 

technique based on the discrete wavelet transform. 

II. EMPIRICAL MODE DECOMPOSITION 

A. The Sifting Process [7] 

1) Locate the extrema of asignal,  ( ). 
2) Perform a cubic spline interpolation to form an 

upper and lower envelope.  

3) Calculate the mean of the two envelopes. 

4) Subtract the mean from the original signal to 

produce the first potential IMF  ( )        

5) Test to identify if    is a zero mean signal with the 

number of maxima and minima differing at most 

by one. If this is satisfied   is taken as being the 

first IMF (  ) 
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6) If this is not the case the process is repeated, 

replacing  ( ) with     
7) A stopping criteria is applied by calculating the 

Standard Deviation (SD) of the signal  

   ∑[
 (  (   )( )     ( )) 

 

   (   )( )
]

 

   

 (1) 

The sifting process was halted when the SD 

reached 0.2.  

8) When the stopping criterion is satisfied the 

remaining component is known as the residue. The 

signal can then be expressed as 

 ( )  ∑     

 

   

 (2) 

B. Interval Thresholding 

Interval thresholding (IT) is based on estimating 

whether or not, at any given interval (  ), an IMF is above 

or below the threshold value, based upon the extremum 

which correspond to that interval. This maximum or 

minimum point is denoted as  ( )  
( )

. The signal is then 

thresholded basedon the values of the extrema as shown 

below.[13] 

 ( )(  
( )  {

 ( )(  
( ))     

  
|
 ( )(  

( ))    

 ( )(  
( ))     

 (3) 

C. Iterative Interval Thresholding 

Iterative Interval thresholding is designed for instances 

where the first IMF contains mostly noise. The process 

begins by altering the sample points of the first IMF to 

produce an altered version of the first IMF. 

  
 ( )        (  ( )) (4) 

This can then be summed with a partial reconstruction 

of the remaining IMFs (  ( ) ) to produce an altered 

version of the original signal as shown below.   

 

  ( )    ( )    
 ( ) (5) 

where 

  ( )  ∑   ( )
 

   
 (6) 

A signal to noise ratio tending towards zero for this 

first IMF will result in a noise variance of the two 

versions of the noisy signals tending towards the same 

value. When a predefined number of different versions of 

the noisy signal have been obtained the EMD process is 

performed. This is followed by the interval 

thresholdingmethod to produce de-noised IMFs for each 

version of the signal. A mean is then taken of the de-

noised signals to produce a final output signal[13] 

D. Clear Iterative Interval Thresholding 

Clear Iterative Interval Thresholding (CIIT) method is 

similar to the IIT method; however, it is designed for 

signals which contain a significant amount of signal as 

well as noise in the first IMF. In this instance the process 

begins by thresholding the first IMF to create a noise free 

version  ̌ ( ). A partial reconstruction is then formed.  

  ( )  ∑   ( )   ̌ ( ) 
                     (7) 

The noise component of the first IMF   
 ( ) is then 

taken as shown.  

  
 ( )    ( )   ̌ ( )                   (8) 

The process then follows that of the IIT replacing 

(  ( )) with   
 ( ) in Equation (4)[13]. 

III. METHODOLOGY 

A. Simulation of Partial Discharge Data 

The simulated partial discharge pulse used in this 

investigation can be expressed as shown is Equation (9). 

Where A is the amplitude (set to 5mV) of the pulse and 

   is the point in time where the pulse occurs. The 

damping factor (set to 0.8) and damping frequency (set to 

500Hz) are then represented by   and    respectively[2]. 

Figure 1 shows the simulated partial discharge data used 

in this investigation. 

 ( )   [  
   (    )

    
    
 ]     [    (   )]  (9) 

B. Addition of Gaussian Distributed Noise 

Additive Gaussian White Noise (AWGN) was added to 

the signal at varying levels to simulate the noise typically 

encountered when measuring partial discharge activity. 

The quantity of noise added to the simulated partial 

discharge data corresponded to a SNR of -2, 0, 2, 5, 10 

and 15 dB within our experiments. Fig. 2 shows the 

partial discharge data combined with AWGN with a SNR 

of 15dB.  

C. Denoising Process and Performance Metrics 

Each of the noise corrupt signals wasdenoised using 

each of the combinations outlined inTable I, below. 

TABLE I. DENOSING TECHNIQUES ADOPTED 

Decomposition 

Method 

Denoising Technique Reference 

EMD CIIT EMD-CIIT 

EMD IIT EMD-IIT 

EMD IT EMD-IT 

DWT Hard Thresholding DWT-Hard 

 

The performance of each technique was assessed by 

calculating the Signal to Noise Ratio (SNR). The Root 

Mean Square Error (RMSE) and the Correlation (R). 

SNR was used to show the ratio of desired signal to 

unwanted noise. It is calculated as follows: 
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  ( )

 

(  ( )    ( ))
 
 (10) 

where   ( ) is the desired noise free signal, this was the 

original signal before noise was added, and   ( ) 
represents the output of the denoising process. 

RMSE was used to give an indication of error between 

the desired noise-free signal and the approximation 

obtained by the denoising process. RMSE is calculated as 

follows: 

     √(  ( )     ( ))
               (11) 

R is used to identify how closely the approximated 

signal correlates to the desired noise-free signal. It is 

possible that if a signal is shifted as part of a denoising 

process the SNR and RMSE metrics would produce poor 

results. However it may be the case that when the shift is 

reversed that the approximation is in fact a good 

representation of the signal. The correlation is therefore 

an essential addition to the SNR and RMSE techniques. 

The correlation is calculated as follows: 

     
 ∑      ∑   ∑   

√ ∑  
  (∑  )

 √ ∑  
  (∑  )

 
         (12) 

where x and y represent two data vectors, one from the 

original signal and the other from corresponding data 

point of the approximation of the desired signal. 

 

Figure 1. Raw partial discharge data 
 

Figure 2. Noise corrupt partial discharge data 

 

 
Figure 3. SNR of denoised output 

 

Figure 4. RMSE of denoised output 

 
Figure 5. Correlation of denoised output 

 
Figure 6. Denoisedoutput of EMD-CIIT
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Figure 7. Denoisedoutput of DWT-Hard

IV. RESULTS 

The results of the simulations are presented in terms of 

the performance metrics outlined. Fig.3 to Fig. 5 show 

trends of the output Signal to Noise Ratio, Root Mean 

Square Error and Correlation respectively. Two of the 

outputs of the denoising process are shown in Fig. 6 to 

Fig. 7. Fig. 6 shows the EMD-CIIT and Fig. 7 shows the 

DWT-Hard. Both show the results taken from a 

simulation using a SNR of 5dB.   

Two of the EMD based denoising techniques simulated 

(CIIT and IIT) produced better approximations of the 

original PD data than the discrete wavelet transform 

combined with hard thresholding. The third technique 

was unable to match the performance of the DWT. The 

stronger performance of the CIIT and IIT methods, when 

compared with the IT method, suggests that the signal 

altering and averaging process played a significant role in 

optimising the denoising performance.  

The EMD-CIIT produced slightly better results than 

the EMD-IIT method. When referring to the definition of 

these processes it is clear that the first IMF resulting from 

the EMD of this simulated data must have contained a 

significant amount of desired signal as well as noise. Had 

this not been the case it would not have been necessary to 

perform the initial thresholding of the first IMF as was 

done in the case of the EMD-CIIT method.   

V. CONCLUSION  

The results of this investigation show that, in the case 

of the simulated PD data used, it is possible to produce 

excellent denoising results using EMD based denoising 

techniques. Furthermore the performance of these 

wavelet inspired EMD based denoising techniques can 

also outperform the well-established Discrete Wavelet 

Transform based denoising method using a hard 

thresholding technique. 

This presents a clear case for further investigatory 

work into denoising partial discharge data using these 

techniques. A possible limitation within this study is the 

constant number of samples between PD pulses. Further 

work would be required to determine the effect that the 

number of data samples would have on the denoising 

performance. This demonstrates that there is still 

significant work to be done in this area, but it holds very 

significant promise forapplication within future PD based 

diagnostic systems. 

REFERENCES 

[1] D. L. Donoho and I. M. Johnstone, “Threshold selection for 
wavelet shrinkage of noisy data,” in Proc. 16th Annual 

International Conference of the IEEE, Stanford, CA, USA, 1994, 

pp. A24 - A25. 
[2] W. Li and J. Zhao, “Wavelet-based de-noising method to online 

measurement of partial discharge,” in Proc. Power and Energy 

Engineering Conference, Wuhan, 2009, pp. 1-3. 
[3] I. Shim, J. J. Soraghan, and W. H. Siew, “Detection of PD 

utilizing digital signal processing techniques: Part 3 open loop 

noise reduction,” IEEE Electrical Insulation Magazine, vol. 17, 
no. 1, pp. 6 -13, January / February 2001. 

[4] X. Song, C. Zhou, D. M. Hepburn, and G. Zhang, “Second 

generation wavelet transform for data denoising in PD 
measurement,” IEE Transactions on Dielectrics and Electrical 

Insulation, vol. 14, no. 6, pp. 1531 - 1537, December 2007. 

[5] S. H. Mortazavi and S. M. Shahrtash, “Comparing denoising 
performance of DWT,WPT,SWT and DT-CWT for partial 

discharge signals,” in Proc. 43rd International Conference on 

Universities Power Engineering Conference, Tehran, 2008, pp 1-
6. 

[6] Y. Kopsinis and S. McLaughlin, “Empirical mode decomposition 
based soft-thresholding,” in Proc. 1st International Work-shop on 

Cognitive Information Processing, Louisianne Switzerland, 2008, 
pp. 42-47. 

[7] N. E. Huang, Z. Shen, S. B. Long, M. C. Wu, H. H. Shih, Q. 

Zheng, N.-C. Yen, C. C. Tung, and H. H. Liu, “The empirical 
mode decomposition and the hilbert spectrum for nonlinear and 

non-stationary time series analysis,” in Proc. Royal Society of 

London. Series A: Mathematical, Physical and Engineering 
Sciences, United Kingdom, 1996, pp. 903-995. 

[8] A. O. Boudraa and J. C. Cexus, “Denoising via empirical mode 

decomposition,” in Proc. International Conference of 
Communications Control and Signal Processing, Brest−Arm´ees, 

France, 2006, pp. 1-4. 

[9] M. Fulton and P. J. J. Soraghan, “Ensemble empirical mode 
decomposition applied to musical tempo estimation,” in Proc. 

15th Annual Conference on Systems, Signals and Image 

Processing, Glasgow, 2008, pp 1-4. 
[10] P. Flandrin, G. Rilling, and P. Gonçalvés, “Empirical mode 

decomposition as a filter bank,” IEEE Signal Processing Letters, 

vol. 11, no. 2, pp. 112-114, Feb. 2004. 

International Journal of Signal Processing Systems Vol. 1, No. 2 December 2013

271©2013 Engineering and Technology Publishing



 

[11] N. E. Huang and Z. Wu, “Ensemble empirical mode 

decomposition: A noise assisted data analysis method,” Advances 

in Adaptive Data Analysis, vol. 173, no. 1, 2004. 

[12] C.-Y. Tseng and H. C. Lee, “Entropic interpretation of empirical 
mode decomposition and it's applications in signal processing,” 

Advances in Adaptive Data Analysis, vol. 2, no. 4, pp. 429-449, 

October 2010. 
[13] Y. Kopsinis and S. McLaughlin, “Development of EMD-based 

denoising methods inspired by wavelet thresholding,” IEEE 

Transactions on Signal Processing, vol. 57, no. 4, pp. 1351-1362, 
April 2009. 

[14] S. R. Qin and Y. H. Zhongb, “A new envelope algorithm of 

hilbert–huang transform,” Mechanical Systems and Signal 
Processing, vol. 20, no. 8, pp. 1941–1952, July 2005. 

[15] S. Zhiyuan, S. Yi, and W. Qiang, “Medical ultrasound signal 

denoisie based on ensemble empirical mode decomposition and 
non linear correlation information entropy,” in Proc. IEEE Youth 

Conference on Information, Computing and Telecommunication, 

Harbin, P R China, 2009. 
[16] T. Jing-tian, Z. Qing, Y. Tang, Z. Xiao-kai, and L. Bin, “Hilbert-

huang transform for ECG De-noising,” in Proc. 1st International 

Conference on Bioinformatics and Biomedical Engineering, 
Wuhan, 2007, pp. 664-667. 

[17] N. Li and P. Li, “An improved algorithm based on EMD-Wavelet 

for ECG de-noising,” in Proc. International Joint Conference on 
Computational Sciences and Optimization, Jinan, China, 2009, pp 

825-827. 

[18] Z. Wu and N. E. Huang, “A study of the characteristics of white 
noise using the empirical mode decomposition method,”  in Proc. 

Royal Society, vol. 460, no. 1, June 2004, pp. 1597-1611. 

 

 

Andrew Hill was born in Falkirk, Scotland, U.K., in 

1982. He received a first class BEng (Hons) degree in 
electrical power engineering from the School of 

Engineering and the Built Environment, Glasgow 

Caledonian University, Scotland, U.K., in 2013. 
Between 1999 to 2003 he completed a modern 

apprenticeship specialising in maintenance of  
Electrical, Instrumentation and Control Systems at BP Grangemouth, 

Scotland, U.K. From 2003 to 2012 he was a maintenance technician 

initially for BP and latterly with Petroineos Refining and Trading, 

Grangemouth, Scotland, U.K. In December 2012 he took up a Graduate 

Asset Engineering Role with Petroineos Refining and Trading, 

Grangemouth, Scotland. His research interests lie in the field signal 
denoising and partial discharge pulse recognition.Mr Hill is a Member 

 of the Institute of Engineering and Technology. 

 

 

Brian G. Stewart obtained B.Sc. andPh.D. degrees 
from the University of Glasgow,Glasgow, U.K., and a 

B.D. degree from the Universityof Aberdeen, 

Aberdeen, U.K.He is a Professor in the School of 
Engineeringand Built Environment at Glasgow 

Caledonian University,Glasgow, U.K. He has been 

involved in the research,development, and application  
of partial discharge instrumentationand insulation diagnostics 

techniques for High Voltage systems for the past 14 years. He also has 

research interests in the fieldof communication systems.Prof. Stewart is 
currently an Ad Com Member of the IEEE Dielectrics and Electrical 

Insulation Society, a Chartered Engineer, and a Member of the IET. 

 
 

Scott G Mcmeekinis the Associate Dean (Research) 

in the School of Engineering and Built Environment at 
Glasgow Caledonian University and is responsible for 

the research strategy within the school.Prior to joining 

Glasgow Caledonian University he was the Process 
Development manager at Alcatel Optronics Ltd 

(formerly Kymata Ltd) where he was responsible for  

the development and qualification of novel optical components for 
advanced optical telecommunication systems. He has previously worked 

at the Universities of Cardiff and Glasgow.His current research interests 

include the development of Instrumentation and Sensor Systems with a 
specific interest in the condition monitoring of energy assets and the 

development of photonic sensors based on metamaterials. He is the lead 

investigator for a number of industrially funded research grants and has 
attracted over £1.5 million pounds of external funding over the past five 

years. He has published over 100 journal and conferences articles and is 

co-inventor on 6 patents. 
 

 

Gordon Morison received a BEng in Electrical and 
Electronic Engineering, and PhD in Signal and Image 

Processing from the University of Strathclyde. He has 
held industrial positions in embedded software and 

post doctoral positions in Communications at the 

University of Strathclyde and in Neuroscience at the 

University of Glasgow. Currently he is a Lecturer in  

Computer, Communications and Interactive systems at Glasgow 

Caledonian University. His research interests are in Signal/Image  
Processing and Machine Learning. 

 

 

International Journal of Signal Processing Systems Vol. 1, No. 2 December 2013

272©2013 Engineering and Technology Publishing




