
International Journal of Signal Processing, Image Processing and Pattern Recognition 

Vol.9, No.2 (2016), pp.211-224 

http://dx.doi.org/10.14257/ijsip.2016.9.2.19 

 

 

ISSN: 2005-4254 IJSIP 

Copyright ⓒ 2016 SERSC 

The Adaptive EEMD Denoising Method based on Normalized 

Index Optimization for Near Infrared Spectra 
 

 

Tong Liang, Zhao Xiaoyu, Sha Lijuan, Shao Hongbo and Zhao Ming 

Communication and Electronic engineering Institute, Qiqihar University, Qiqihar 
161006, China 

College of Information Technology Heilongjiang Bayi Agriculture University 
Communication and Electronic engineering Institute, Qiqihar University, Qiqihar 
Computer and Control engineering Institute, Qiqihar University, Qiqihar 161006, 

China 
Chemistry and Chemical Engineering, Qiqihar University, Qiqihar 161006, China 

qqhrutl@sohu.com, xy_zhao77@163.com, qqhruslj@sohu.com, 
qqhrushb@sohu.com, qqhruzm@sohu.com 

Abstract 

Firstly, modes overlapping occurs easily between Near Infrared spectral high 

frequency signal and noise, so the Ensemble Empirical Mode Decomposition (EEMD) 

method was used to remove the noise. According to the approximate completeness of Near 

Infrared spectrum, an EEMD denoising method based on normalized index optimization. 

This method views the global optimal point of normalized denoising index as stop 

condition, and completes itself adaptively with no parameters setting during the 

decomposion. It can be concluded by Near Infrared spectrum denoising data that this 

method improves the denoising accuracy and decreases the difficulty in operation in an 

easy and efficient way. 
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1. Introduction 

There are three types of noise in Near Infrared spectra, the electronic thermal motion 

noise of instruments, the interference from stray light and the outside interference from 

communication system, which have nothing to do with components of the sample and 

have changed the location, height, energy of spectral peaks badly. It is necessary to 

denoise Near Infrared spectral signals to reduce the interference from noise and power the 

effective information. 

The method of Empirical Mode Decomposition (EMD) could compose the signal into 

IMF components with different amplitude and frequency, and then signals are separated 

from noise. The EMD method has been applied to process biomedical data, fault signal, 

and earthquake signal (see [1-5]) and so on. In 2010, Near Infrared first order derivative 

spectra were denoised by EMD, which raised the decision coefficient of forecasting 

model from 0.9705 to 0.9832, and declined the root mean square error from 0.5606 to 

0.3310 (see [6]). In [7], EMD was combined with successive projections algorithm to 

extract spectral characteristic wavelengths, which reduced the total wavelengths for model 

to 3.6%. Later, Li [8] decomposed Raman spectra on EMD, and denoised its data by multi 

scale filter. 
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2. The Deficiency in Decomposition of Soil Near Infrared Spectra on 
EMD 

Empirical Mode Decomposition has been proposed by N.E.Huang in 1998, in which 

the signal is decomposed into finite Intrinsic Mode Functions (IMF). For any IMF, there 

are the global condition and the local condition to be met, 

The number of extreme points is equal to that of zero crossing or the biggest difference 

is one in the global scope; 

(2) The mean of enveloping line between local maximum and minimum values is zero 

at any point. 

The signal ( )x t  is decomposed on EMD as follows, 

Step 1: Enveloping line between local maximum and minimum values is calculated by 

three spline function, and its mean is expressed as ( )m t , 

     [  ]
1

2
m t u t v t 

                                                (1) 

Step 2: Let ( ) ( ) ( )R t x t m t  , if ( )R t  can not meet with the condition of IMF, and 

then assign it to ( )x t . Next return to step 1, and then calculate circularly, 

 1 1 1 1( ) ( ) ( )k k kR t h t m t 
                              (2) 

Until the condition of IMF in (1) and (2) is satisfied. 

Step 3: Then the first IMF 1 1 ( )kc R t
 and the residual component 

   1 1r t x t c 
 

are get. 

Step 4: Return to the step 1 to decompose the residual component, we can get 
 2c t

，

 3c t
，…，

 kc t
 (or 1 2, ,..., kIMF IMF IMF

) successively. The decomposition will 

end when the residual component meets the stopping rules. 

Near Infrared spectra of the soil were decomposed by EMD in the paper. 

The Near infrared spectrometer is WQF-600N, and its source voltage is 5V. The 

scanning scope is from 10000 cm
-1

 to 3500 cm
-1

, and the background is scanned 32 times 

and samples are scanned 16 times with the resolution of 8 cm
-1

 in the experiment. 

There are 200 samples, each 1g, which have been grinded and sieved with 60 meshes 

every inch. The Figure 1 is one of transmitted Near Infrared spectrum. 
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Figure 1. Transmitted Near Infrared Spectrum of the Soil 

In Figure 1, the wave is sharp and dramatic changed and the frequency of effective 

information is so high that data intertwines with noise. So it’s necessary to concern the 

denoising method of high frequency signals in substantial transformation. 

The Near Infrared spectrum is decomposed into 9 IMF components and a residual (r) 

by EMD in Matlab2011b, see Figure 2.  
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Figure 2. IMFs and r from EMD Decomposion of the Soil Near Infrared 

Spectrum 

There are different characteristic time scales in one IMF, such as in IMF5 and IMF6, 

and the similar time scale is in IMF6 and IMF7, which is called modal aliasing. High 

frequency of soil spectral signal is part of problem, so the energy of signal and noise are 

overlapping. And abnormal events can not be smoothed for absence of extreme points 

near the characteristic peaks of high amplitude. So EMD low pass filter can not denoise 

Near Infrared spectra of soil. 
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3. The Adaptive EEMD Denoising Method based on Normalized Index 

Optimization for Near Infrared Spectra 
 

3.1. Decomposion of Near Infrared Spectra by EEMD 

Wu and Huang have proposed Ensemble Empirical Mode Decomposition (EEMD) to 

overcome overlapping in EMD, see [9]. For statistical characteristics of Gauss white noise 

is frequency distribution, that it can provide extreme points enough to smooth abnormal 

events, such as characteristic peaks of high amplitude. Therefore add Gauss white noise 

into spectral signals to be processed, and then average IMFs from EMD to overcome 

mode overlapping, which is known as EEMD. 

EEMD key steps are as follows, 

Step 1: Gauss white noise with the same length of signals and different amplitude is 

added into signals to be processed, and then composite signals are decomposed k times by 

EMD, hence IMFs and residual component ikr
 have been got. 

Step 2: IMFs are averaged, 

1

1 n

i ik

k

IMF IMF
n 

 
                                                   (5) 

1

1 n

i ik

k

r r
n 

 
                                                           (6) 

In which, n  is the time of decomposion. 

The amplitude of Gauss white noise is 0.2 times the standard deviation of Near Infrared 

data, and then IMFs and residual component from EEMD are compared with those from 

EMD, see Figure 3.  
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Figure 3. Contrast between EEMD and EMD 
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In Figure 3, there is mode overlapping in IMF5, IMF6 and IMF7 from EMD showed in 

red line, but frequencies of those is so clearly that modal aliasing is disappear when the 

Near Infrared spectrum is decomposed by EEMD , see green line. White noise provides 

decomposion scale in well-distributed for signal to be processed, so the error of fitting is 

reduced near the extreme points and EEMD fits for denoising of Near Infrared spectra of 

the soil. 

As we known, the higher frequency is, the sooner it is decomposed in EMD or EEMD. 

That is to say, each IMF has its own frequency separately, and frequencies distribute 

according to the powder of 2 degressively. So low pass filters can denoise signals, see 

Formula 7.  

 
n

i

i I

t MF rx I


                                                  (7) 

In which, n  is the number of IMFs and 1 I n  . 

In low pass filter on the basis of EMD or EEMD, I  is a important parameter which 

defines denosing precision. In the paper, performance benchmarks of transform , signal to 

noise ratio, etc. determine the parameter I . When signal and noise are in the IMF 

synchronously, low pass filter on EMD or EEMD will remove or keep the IMF all, and 

therefore the denoising is excessive or deficient. So this paper provides a decomposion 

and restruction method on EEMD and designs the normalized index to improve the 

denosing precision.   

 

3.2. Design of the Normalized Index 

Signal to Noise Ratio (SNR), Standard Error (SE), and Correlation Coefficient ( R ) are 

used to explain the denoising, and they are defined as follows,  

2'

1

2
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( )

10log 10log( )

( ) ( )
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In which, x  is the original spectral signal and 
'x  is the spectrum has been denoised, 
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and 1

1
( )

n

i

x x i
n





 
, 

''

1

1
( )

n

i

x x i
n 



 
. 

The power of signal and noise is expressed by SNR, the difference between signal 

denoised and original signal is calculate by SE, and the similarity between denoising and 

original spectrum is expressed by R . Therefore R  interprets wave change and SE 

illustrate the drift of wave peak. For the complex transformation in power, shape, and 

drift, we construct the normalized index of denosing r , 

1SNR SNR
r R

SNR SE

 
  

                                           (11) 

In which, SNR  is the signal denoised to noise ratio. The normalized index of 

denosing r  is bigger, indexes of Signal to Noise Ratio, Standard Error SE, and 

Correlation Coefficient are better, and that is to say, the complex denosing effect is better. 

 

4. The Realization and Application of Adaptive EEMD Denoising 

Method Based on Normalized Index Optimization 
Near Infrared spectra of the soil with noise are signals to be processed, and ix

 is said 

to be the spectral signal after i  times denosing and the flow chart of the denoising 

method based on normalized index optimization as follows, 

Calculate

x x 

1 ?i ir r 
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Y
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x IMF
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End  
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Figure 4. Adaptive Normalized index optimization de-noising flowchart 

based on EEMD 

Step 1: The spectral signal ix
 is decomposed by EEMD into n IMFs, in which the 
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residual component is defined as IMFn; 

Step 2: Restructure the spectral signal 1ix   by removing the lowest step but the 

highest frequency IMF1; 

Step 3: Calculate 1ir   and compare it with ir . If 1i ir r 
, then the 1i   time 

denosing optimizes the normalized index and it is reasonable to decompose, filter and 

restructure again. So let 1i i  , and return to Step 1; If 1i ir r 
, then the filter at i time 

has the normalized index, and we easily obtain the signal denoised by 
'

ix x
. 

The Near Infrared spectrum of soil is mixed into Gauss white noise with 10 dB SNR, 

showed as follows, 

 

 

 

 

 

 

 

 

Figure 5. Near Infrared Spectrum of Soil with 10dB Noise 

Near Infrared spectrum is processed according on the flow chart Figure 4, and its 
'SNR , SE , R  and r are showed in Table 1. 

Table 1. Denoise Indexes of Normalized Index Optimization on EEMD 

 'SNR /dB 
SE  R  r 

1 13.6128 2.0501 0.9668 1.8156 

2 16.5629 3.3444 0.9811 1.9360 

3 19.6470 7.4928 0.9494 2.0471 

4 21.8718 16.4086 0.8936 2.1413 

5 21.5263 21.6305 0.7426 1.9410 

6 21.4841 51.7598 0.6568 1.8241 

7 20.0379 46.7850 0.5979 1.6226 

8 19.0549 152.6485 0.5078 1.4195 

9 19.3752 13.6107 0.3441 1.3547 

Numbers in first column are times of decomposition on EEMD in Table 1. From 

denoising normalized index r, we can see that r increases monotonously in previous four 
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times denoising, which indicates processes to spectrum are right, and r decreases 

monotonously in last five times , which indicates that next processes are spare. There is 

the only maximum r overall, therefore it could indicate how many times the spectrum will 

be decomposed, and so the adaptive denosing to Near Infrared spectra are realized. 

Denoising effects of decompositions are showed from Figure 6 to Figure 14. 
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Figure 6. Denoising Effect of One     Figure 7. Denoising Effect of Two  

Decomposition                       Decompositions 
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Figure 8. Denoising Effect of Three   Figure 9. Denoising Effect of Four  

Decompositions                Decompositions 
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Figure 10. Denoising Effect of Five      Figure 11. Denoising Effect of Six  

Decompositions                          Decompositions 
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Figure 12. Denoising Effect of Seven    Figure 13. Denoising Effect of Eight  

Decompositions                           Decompositions 
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Figure 14. Denoising Effect of Nine Decompositions 

The frequency of the lowest IMF is the highest in EEMD with no modal aliasing, so 

the denoising removing the lowest and the highest component is better step by step till it 

is too far and the spectrum is getting distorted seen from Figure 6 to Figure 14. In Figure 

9, the spectrum is smooth, undistorted and keeps all characteristics acromions after 4 

times decompositions and restructures, and which is as same as the denoising index 

showed in Table 1. Above experiments show that the best number of decompositions 

could be indicated by the normalized index r, so Near Infrared spectra of the soil can be 

denoised on EEMD. 

In addition, Near Infrared spectra are decomposed by EMD into 10 IMFs (the residual 

component is show in IMF10), and the normalized index r is the evaluation parameter too 

as follows, 
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Table 2. Denoise Indexes by Normalized Index Optimization on EMD 

 
'SNR /dB SE  R  r 

1 12.4979 2.2344 0.9743 1.6714 

2 10.4293 4.0643 0.9821 1.2708 

3 7.4593 14.3471 0.9506 0.7661 

4 17.9154 15.3261 0.9295 1.7859 

5 12.7006 20.3136 0.8484 1.1674 

6 10.2145 59.0825 0.6928 0.7310 

7 11.1018 55.2067 0.6519 0.7799 

8 12.3172 63.3058 0.5815 0.8287 

9 14.0887 300.0641 0.1610 0.5729 

At first, the values of r in Table 2 are lower than those of EEMD. Secondly, 
'SNR  in 

the second decomposition is lower than that in the first time, and it suggests that the first 

IMF contains effective components and parts of signal will be lost and 
'SNR  will be 

lower if the first IMF is cut off directly. The index r becomes lower and then higher in the 

fifth, sixth and seventh decomposition similarly, that is to say, high frequency signals and 

noise components cannot be distinguished effectively in Near Infrared spectra 

decomposition by EMD, and it proves that non-uniform scales in components of 5IMF
, 

6IMF
 and 7IMF

 are modes overlapping. The fourth filter is adopted for it’s the 

maximal index, and its denoising result as Figure 18. 

Then Near Infrared spectra of soil are denoised by EMD lowpass filter, wavelet 

decomposition, and EMD denoising method based on normalized index optimization, and 

results of denoising as Figure 15, Figure 16, Figure 17 and Figure 18. 
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Figure 15. Denoise by EMD Low Pass Filter  Figure 16. Denoise by Wavelet1 
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Figure 17. Denoise by Wavelet2      Figure 18. Denoise by Normalized  

                                      Optimization EMD Four Steps Filter 

There are a lot of residual noise in EMD lowpass filter with one decompoision and one 

IMF be cut off in Figure 15.  

In 2006, Chen chen had researched wavelet decomposition on Raman spectra in [10], 

with conclusions that stable wavelet function is the best method for spectra denoised after 

contrast in 8 wavelet functions. So parameters of Wavelet1 in the paper were set 

according to the conclusion in [10] as follows: bior2.2 wavelet function, 5 

decompositions, soft threshold, and Rigrsure for threshold made. And then from Figure 

16, there are a lot of residual noise, which shows that there needs different wavelet 

parameters to be set for different spectra. At last, parameters of Wavelet2 are set through 

many combination tests between wavelet basic function, levels of decompositions, and 

ways for threshold made as follows: db4 wavelet function, 5 decompositions, 2/3 times 

smaller to detail coefficients. The denoising result of Wavelet2 is better than that of 

Wavelet1 obviously from Figure 17. Near Infrared spectra were denoised by the forth 

reconstruction after were decomposed into 10 IMFs in Figure 20, and filters are not 

enough on 50 cm
-1

, 230 cm
-1

, 270 cm
-1

, 1420 cm
-1

, and signal energy lost too much on 

1200 cm
-1

.   

Denoising index of EMD lowpass filter, two kinds of wavelet, EMD method based on 

normalized index optimization and EEMD method based on normalized index 

optimization for Near Infrared Spectra are listed in Table 3, in which LPF represents low 

pass filter and NIO represents denoising method based on normalized index optimization. 

Table 3. De-Noising Index of 10 dB SNR 

 SNR/dB SE  R  r 

EMD LPF 10.8964 3.5604 0.9832 1.3535 

Wavelet1 16.5831 12.1722 0.7110 1.4511 

Wavelet2 19.1046 11.0164 0.9230 1.9238 

EMD NIO 17.9154 15.3261 0.9295 1.7859 

EEMD NIO 21.8718 16.4086 0.8936 2.1413 

We can conclude that EMD lowpass filter and EMD method based on normalized 
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index optimization have no advantage comparion with Wavelet2 and EEMD method 

based on normalized index optimization from Table 3. For that there are effective signal 

and noise jointly in the secondly IMF after the first EMD decomposition, a lot of noise 

remain in EMD lowpass filter. And there have no the global optimal denoising index in 

EMD method based on normalized index optimization, so r cannot to be the evidence to 

decide decompoisitions showed in Table 2.  

Indexes of Wavelet1 and Wavelet2 are better than that of EMD lowpass filter, which 

indicates that wavelet can deal with non stationary and nonlinear Near Infrared spectra. 

Then index contrast between Wavelet1 and Wavelet2, it concludes that the effect of 

wavelet denoising relies on rationality of parameters. So it needs adjustment according to 

spectra denoised, and there is no experience to set parameters. In Table 3, it gets the 

biggest SNR and the normalized index and it is better than EMD lowpass filter, wavelet, 

EMD method based on normalized index optimization, because that the method of EEMD 

smooths characteristic peaks in Near Infrared spectra to overcome modes overlapping and 

to get high frequency signal and noise separately. And it needs no parameters in advance 

in EEMD method based on normalized index optimization, so it can denoise Near 

Infrared spectra adaptively.  

 

5. Conclusion 

At first, we introduce EMD in the paper, and then decompose Near Infrared spectra on 

EMD, in which mode overlapping occurs. So EEMD is used to decompose Near Infrared 

spectra to conquer modes overlapping. Above all, proving on approximate completeness 

becomes theoretical basis for Near Infrared spectra denoised on EEMD, and then design 

the normalized index, by which the level of EEMD decompoisition circularly can be 

determined automatically to avoid setting parameters, such as basis function, threshold 

and let level etc. In the soil Near Infrared spectra denoised, it is better than wavelet with 

appropriate parameters, EMD lowpass filter, and EMD method based on normalized index 

optimization. 
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