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INTRODUCTION

 
 Breast cancer is the most common type of cancer 
among women. The statistics given by the World 
Health Organization’s International Agency for 
Research on Cancer (IARC) says that more than 4, 
00,000 women die from this cancer every year
effective tool for breast cancer detec
mammography. However because of instability of 
the appearances of breast cancer, there are chances 
that doctors and radiologists can miss the 
abnormality (Kai Hu, 2011). Comput
Detection (CAD) is the automated system that have 
been developed to help the radiologists in identifying 
the abnormality.The most important characteristics to 
analyze mammogram images is texture 
describes the intensity variation of the pixels local 
information (WeiLiu, 2007). Empirical Mode 
Decomposition (EMD) is introduced in to signal 
processing and it is an adaptive and approximately 
orthogonal filtering process (Huang, N.E.
The EMD is introduced into image processing 
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A B S T R A C T  
Mammography is the most effective procedure for detecting breast cancer in earlier 
stage. In this paper, a new algorithm for the decomposition of mammogram images 
called Bidimensional Complete Ensemble Empirical Mode Decomposition with 
Adaptive Noise (BCEEMDAN) for the extraction of features, is presented. This method 
is based on Bidimensional Empirical Mode Decomposition (BEMD) which 
decomposes an image into set of frequency components called Intrinsi
Functions (IMFs). BCEEMDAN is an extension of one dimensional Complete 
Ensemble Empirical Mode Decomposition with Adaptive Noise to 2
Over the recent Bidimensional Empirical Mode Decomposition techniques such as 
Bidimensional Ensemble Empirical Mode Decomposition (BEEMD) and 
Multidimensional Ensemble Empirical Mode Decomposition (MEEMD), BCEEMDAN 
has the advantage of leading to an exact reconstruction of original data. BCEEMDAN 
was performed on preprocessed mammogram images which ar
Mammographic Image Analysis Society (MIAS) Mini-Mammographic data base. The 
results show that in BCEEMDAN algorithm the decomposition is complete and the 
totality of information is preserved in the reconstructed image. Hence this method is an 
promising way to extract texture features from mammogram images for better 
classification. The results are compared in terms of Peak Signal to Noise (PSNR) ratio 
and Root Mean Square Error (RMSE). The results show that the proposed method 
yields higher PSNR when compared to other empirical mode decomposition 
techniques. 
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image processing 

because EMD decomposes functions into IMFs 
(Nunes, J.C., 2003). The amplitude, phase and 
frequency of IMFs can also be the features for
texture classification because
different types of textures even though these features 
are from same layer’s IMFs.  
 In this paper a new method of decomposing the 
mammogram images called Bi dimensional 
Complete Ensemble Empirical Mode Decomposition 
with Adaptive Noise (BCEEMDAN) for extracting 
texture features is proposed. This is the extension 1
D Complete Ensemble 
Decomposition with adaptive noise (CEEMDAN) to 
2-D data or images. The CEEMDAN is implemented 
to mammogram images because 
contents are clearly separated between modes for 
better classification of texture 
The mammogram images decomposed based on 
BCEEMDAN are reconstructed and its performance 
are compared with other empirical mode 
decomposition methods such as BEEMD , MEEMD 
in terms of PSNR and RMSE. 
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 The rest of the paper is organized as follows. 
The next section is the review of related works. In 
section III, the proposed method is presented. In 
section IV, results and comparisons are presented. 
Finally, section V describes the conclusion of the 
work. 
 
Literature Review: 
 Among many existing methods of image 
decomposition such wavelets (Mallat, S.G., 1989) , 
EMD is the most flexible decomposition technique 
since the decomposition is not based on the basis 
function such as in wavelet or Fourier transform and 
is completely data driven. 
 Recently EMD has been used in images and 
many methods have been developed to implement 
EMD for texture feature extraction , image filtering 
and enhancement. 
 The two dimensional counter part of EMD is 
proposed by Nunes  et al. (2003) called 
Bidimensional Empirical Mode Decomposition) 
BEMD. This method has been implemented to 
images for texture analysis to extract spatial 
frequency components. The features called IMFs are 
extracted by a sifting process. This method analyzes 
non-linear and non-stationary data as texture images. 
However EMD suffers from the problem of mode 
mixing which is the presence of similar scale signal 
in different IMFs or a single IMF consisting of 
signals of different scales. This is overcome by a 
method called Ensemble Empirical Mode 
Decomposition (EEMD) [8]. In EEMD, EMD is 
performed over an ensemble of the signal plus 
Gaussian white noise. Hence the mode mixing 
problem is solved. 
 EEMD has been extended to 2-D data or images 
by Zhaohua Wu called Multidimensional Ensemble 
Empirical Mode Decomposition (MEEMD). This 
method has been applied to MRI images in for 
extracting features generated from IMFs. Even 
though the addition of white Gaussian noise in 
EEMD has resolved the mode mixing problem, it 
creates new one. Also the reconstructed signal 
includes residual noise leading to incomplete 
reconstruction. 
 Another method of EEMD called Bidimensional 
Ensemble Empirical Mode Decomposition 
(BEEMD) is introduced in (Jiajun Han, Mirko van 
der Baan, 2013). In this method image analysis is 
improved through the reduction of interpolation 
artefacts.  
 But however 2-D EEMD methods such as 
MEEMD and BEEMD has restricted applications 
similar to EEMD because of incomplete 
decomposition.  
 In this paper we propose an extension of 
CEEMDAN [6] to image called BCEEMDAN for the 
complete decomposition of mammogram images in 
to IMFs . This method has been compared with other 
decomposition techniques such as BEEMD, 
MEEMD and the results have been shown that the 
proposed method have better PSNR and lower 
RMSE when compared to the existing methods. 

 
Proposed Work: 
 The proposed algorithm BCEEMDAN for 
mammogram image decomposition is described as: 
Step 1: Obtain the first residue as : 
����, �� =  
��, �� − ������, ��                             (1) 
 Where ������, �� is the first mode obtained 
using BEEMD algorithm and 
��, �� is the 
preprocessed mammogram image. 
 Step 2: After computing first mode, the 
remaining modes are obtained as follows: 
 Mode � is obtained by averaging the first mode 
of the residue of the previous stage plus � − 1 �ℎ 
mode of the different realizations of the white 
Guassian noise which is given as follows: 

 ������, �� = 1
� � �����������, ���

�

 !�+ # �������$ ��, ���              �2� 
 Where � = 2,3,4 … . * .* is the total number of 
IMFs obtained. # is the standard deviation of the 
white Guassian noise and N is the number of 
realizations (ensemble size). 
Step 3: Find the next residue as : 
 ����, �� =  ������, �� − ������, ��             (3) 
Where � = 2,3,4 … . * 
 Step 4: Repeat steps 2 and 3 until obtained 
residue cannot be decomposed further that is until the 
residue does not have atleast two extrema. 
Step 4: The final residue can be written as : 
 +��, ��  =  
��, �� − ∑ ������, �� -�!�                       (4)  
 Where * is the total number of modes. 
Step 5: Hence the reconstructed image can be written 
as: 

��, �� = +��, �� + ∑ ������, �� -�!�              (5) 
 Equation (5) is the decomposition of the 
proposed method and it provides complete 
decomposition with exact reconstruction of data 
when compared with other decomposition techniques 
like BEEMD, MEEMD. 
 
Experiments Results and Discussions: 
 Thisproposed method is evaluated using Matlab 
7.12.0. The mammogram images used for 
decomposition are acquired from MIAS database 
(Suckling, J., 2005). This database consists of 322 
images of 161 patients.The size of the image is 
1024×1024. It has been resized to 256 X 256 for the 
ease of analysis. The images are pre-processed using 
Morphological processing used in (Huai Li, 2001) to 
enhance suspected masses by cleaning up unrelated 
background clusters.The images shown in the figures 
are manually cropped by ignoring the background 
and labels.  
 
Data sets and Ensemble size: 
 We have selected three images from the database 
for our algorithm. ‘mdb002’,’mdb058’ ‘mdb025’ 
from MIAS database.  
 For each of these images, the proposed 
algorithm BCEEMDAN has been applied. Before 
applying the proposed method to the images, the 
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parameters such as Number of realizations (N) and 
Noise amplitude (#) which is mentioned in the 
proposed algorithm has to be assigned. 
 If the ensemble size or numbers of realizations 
(N) are large, the noise in the data will be cancelled 
out. Butdue to heavy computational load the value of 
N must be restricted. We have performed several 
trials by varying the ensemble size from N =3 to 50. 
Fig 1 shows the effect of decomposition by varying 
the ensemble size from N=3 to 50 for the 
mammogram image ‘mdb002’. It is inferred from 
Fig. 1 that when ensemble size is 3 the noise is 
predominant particularly in third IMF and fourth 
IMF. As ensemble size increases, noise is reduced 
gradually and at N=50, we get noise smoothened 
IMFs when compared with other ensemble sizes. 
Hence we choose the ensemble size N=50 for 
decomposition. Fig. 2 shows the decomposition of 
mammogram images ‘mdb002’,’mdb025’ and 
‘md058’ using the proposed algorithm for the chosen 
ensemble size N=50. The decomposed images have 
been reconstructed by summing up all the IMFs and 
the residue which are shown in last column of Fig.2. 
 
Effect of Noise Amplitude: 
 Fig. 3 shows the effect of increasing noise 
amplitude on the quality of IMFs. For the constant 
ensemble size of N=50, the noise amplitudes are 
taken as 0.1σ and 0.2σ, where σ is the standard 
deviation of the intensity distribution of the input 
mammogram image. It is seen that quality of the 
IMFs are degraded if noise amplitude increases. This 
is because ensemble size is kept constant instead of 
increasing for increasing noise amplitude. This is 
done to reduce the computational load . Hence we 
choose the noise amplitude as small as 0.1σ.  
 
 
Number of modes: 
 In order to have comparable results with other 
empirical mode decomposition techniques the 
number of modes need to be kept constant. The 
number of modes obtained through BCEEMDAN 
does not exceed four. Hence first four modes are 
shown in all the results and compared with the 
BEEMD, MEEMD techniques. 
 
Performance Comparison: 
 The mammogram image is decomposed using 
the proposed BCEEMDAN algorithm and the results 
are compared with the existing methods BEEMD, 

MEEMD. Fig. 4 shows the decomposition of 
‘mdb002’ mammogram image in to 2-D IMFs and its 
reconstructed image based on BEEMD, MEEMD 
and the proposed BCEEMDAN algorithm for the 
chosen ensemble size N=50. The performance of all 
the algorithms are compared in terms of Root Mean 
Square Error (+.�) and Peak Signal to Noise Ratio 
(/.�+) which are calculated using equations (6) and 
(7). /.�+ values shown in Fig.5 are calculated for 
the mammogram image ‘mdb002.jpg’. PSNR 
calculated for the reconstructed image obtained by 
adding all 2-D IMFs and residue obtained by the 
decomposition based on BEEMD, MEEMD and the 
proposed method BCEEMDAN for various ensemble 
sizes is shown in Fig 5. +.� is measured between 
the original image and reconstructed image produced 
by summing up of all IMFs and final residue. Table I 
shows the RMSE of all the methods for various 
ensemble sizes. 

+.� = 0 �
1� ∑ ∑ ‖
�3, �� − 4�3, ��‖5����!61�� !6      (6)  

/.�+ = 20 log 1;<=
>1?@                   (7)  

 Where 
�3, �� is the input image. 4�3, �� is the 
reconstructed image after decomposition. � is the 
size of the image. 
ABC is the maximum intensity available in the 
input mammogram image. 
  It is seen from Table 1 that the proposed method 
produces minimum RMSE when compared with 
other methods for all the ensemble sizes. Fig. 5 
shows the PSNR values of BEEMD, MEEMD and 
the proposed method. It is clear that the proposed 
method produces high PSNR values for all ensemble 
sizes from N= 3 to 50 when compared with other 
empirical mode decomposition methods. 
 
V. Conclusion: 
 In this paper , a new decomposition method 
called BCEEMDAN algorithm to extract spatial 
frequency components called 2-D IMFs from 
mammogram images is presented. This method 
provides an efficient way to extract features from 
mammograms since the amplitude, phase and 
frequency of 2-D IMFs can be the features for texture 
classification. The results show that the proposed 
algorithm provides high PSNR and minimum RMSE 
when compared with other empirical mode 
decomposition methods like BEEMD and MEEMD.  
 

 
 Table I: Rmse Comparison Of The Proposed Method With Other Methods For Varying Ensemble Size With Noise Amplitude 0.1σ.  

Ensemble Size N Root Mean Square Error (RMSE) 

 BEEMD algorithm MEEMD 
algorithm Proposed BCEEMDAN algorithm 

3 0.2513 0.016 3.32 X 10-17 
10 0.261 0.0113 3.31 X 10-17 
20 0.2511 0.0078 3.31 X 10-17 
30 0.251 0.0051 3.30 X 10-17 
40 0.251 0.0032 3.30 X 10-17 
50 0.257 0.0014 3.27 X 10-17 
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Fig. 1: BCEEMDAN Decomposition of ‘mdb002’ in to 2-D IMFs forEnsemble sizes N=3,10,20,30,40,50.(Top 

to bottom) . First four IMFs (from finer to larger scale) are shown here for all ensemble sizes from N=3 
to 50. 

 

 
 
Fig. 2: Decomposition of mammogram images based on BCEEMDAN algorithm. Upper panel is the 

decomposition of ‘mdb002.jpg’.Middle panel is the decomposition of ‘mdb025.jpg’.Bottom panel is 
the decomposition of ‘mdb058.jpg’ . First four IMFs are shown here. First column shows the input 
images . The next four columns are four IMFs and the last column consists of reconstructed images. 

 

 
 
Fig. 3: Decomposition of ‘mdb002’ with BCEEMDAN algorithm Upper panels are 2D IMFs (finer to larger 

scale) obtained with the noise amplitude 0.1σ . Lower panels are 2D IMFs (finer to larger scale) 
obtained with noise amplitude 0.2σ. 

 

 
 
Fig. 4: Decomposition of ‘mdb002’. Upper panels are input image, 2D IMFs (finer to larger scale), 

reconstructed image obtained with BEEMD. Algorithm. Middle panels are input image, 2D IMFs (finer 
to larger scale), reconstructed image obtained with MEEMD method. Lower panels are input image, 
2D IMFs (finer to larger scale) , reconstructed image obtained with BCEEMDAN method. 
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Fig. 5: PSNR values obtained for the reconstructed mammogram image ‘mdb002’ after decomposition through 

beemd, meemd, proposed bceemdan algorithm for ensemble size N=3,10,20, 30,40,50. 
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