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Abstract 

Aiming at the problem of ground penetrating radar image denoising, a new adaptive 

image denoising algorithm based on nonsubsampled Contourlet transform is proposed. 

The algorithm firstly performs nonsubsampled Contourlet transform to the noise image, 

to obtain the coefficients of each directional sub band and each scale, then, according to 

the energy of the coefficient, the denoising threshold value is adjusted adaptively. 

Simulation results show that, compared with the wavelet threshold denoising algorithm, 

the proposed algorithm can effectively remove the Gauss white noise in the image, 

improve the peak signal to noise ratio (PNSR), while preserving the edge details of the 

image, it can improve the PSNR value and reduce the Gibbs phenomenon. 
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1. Introduction 

The images are often contaminated by noise in the process of acquisition and 

transmission, such as white noise in optical image. The presence of noise reduces the 

resolution of the original image, which seriously affects the subsequent classification and 

identification of target [1]. Therefore, image denoising has become an important method 

in image preprocessing, which aims to improve the image quality and highlight the 

characteristics of the image itself. 

Donoho and stone John proposed the wavelet threshold shrinkage method, that proved 

the optimality of Donoho threshold [2], but the shrinkage threshold is the upper threshold 

value, not the best shrinkage threshold, so that too many wavelet coefficients are set to 

zero, damage the details of the image. In recent years, the hot spot problem of wavelet 

denoising is to study the statistical model of image wavelet coefficients. The purpose is 

to make accurate the model of non Gauss and each other image wavelet coefficients, and 

then use the prior information to estimate the wavelet coefficients of the original image in 

the Bayes framework. Chang et al. defined the priori model of the original image wavelet 

coefficients as the generalized Gaussian model, and put forward the corresponding Bayes 

shrink denoising algorithm[3], Portilla et al. used a Gaussian scale mixture model for the 

image denoising [4], Crouse et al. get through invisible Markov tree model for the image 

denoising [5]. Some of these models are within the scale model, some of which are the 

scale model. Sendur et al. proposed a dual variable model of image wavelet coefficients 

and the corresponding Bishrink algorithm, which achieved good effect in image 

denoising [6]. 

However, wavelet transform coefficients in the high-dimensional present non sparse 

and lack of multi-directional selectivity, multi-scale geometric analysis method came into 

being, there have been a series of multi-scale analysis tools such as Ridgeler, Curvelet, 

Bandelet and Contourlet. 2002, Do et al. put forward an image representation method of 

multi-directional, multi-resolution, namely, Contourlet transform theory [7-10]. 

Contourlet transform is proposed as an analytical tool to solve multi-dimensional 
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singularity[8], its main feature is that it has a good direction sensitivity and anisotropy, 

can capture the edge information in different scales and frequencies of the image to the 

sub band. However, the Contourlet transform is lack of shift invariance, and the Gibbs 

effect will be introduced in the image processing. Arthur et al. put forward a new 

Contourlet transform with shift invariance [11], it is nonsubsampled Contourlet 

transform (NSCT), getting through an iterative nonsubsampled filter bank obtains 

characteristics of the shift invariance, multi-resolution and multi-directional. It can be 

used for image denoising, and achieved good effect. 

In this paper, combining nonsubsampled Contourlet transform and adaptive transform, 

an adaptive image denoising algorithm based on nonsubsampled Contourlet transform is 

proposed. Compared with the image denoising algorithm of wavelet transform, the 

objective evaluation index of the peak signal to noise ratio (PNSR) and the subjective 

effect of the proposed algorithm have a significant increase and improvement. 

  

2. Contourlet Transform and Nonsubsampled Contourlet Transform  
 

2.1. Contourlet Transform  

Contourlet transform based on the idea of curvelet is a multi-scale, multi-directional 

image representation, with good completeness, time and frequency domain 

characteristics and multi-resolution characteristics, etc., can achieve the coefficient 

represention of image information. Different from Ridgelets, Curvelets, Contourlet 

transform is directly built on the discrete domain, avoiding discrete processes that 

discrete signal processing needs, can directly implement sparse representation of image 

contour or edge information. Since Contourlet transform has good performance of sparse 

representation, making it in the field of image denoising have a very broad application 

prospect. 

The Laplace Pyramid Filter bank (LP) transform [12] and the Directional Filter Bank 

transform (DFB) each independently constituted, in which multi-scale analysis captures 

the singular points [13], multi-directional analysis will make consistent direction 

breakpoints connect into basic outline segment, to achieve full reconstruction [14]. 

As shown in Figure 1, the LP decomposition can produce a low pass part b, and the 

difference image a, which avoids the occurrence of mixing phenomenon. In the graph, H 

is a decomposition filter, M is a sampling matrix, and G is a synthetic filter. This 

treatment can be recycled, thus formation of the N layer low-pass and high frequency 

detail part, and get the corresponding sub band coefficients of low frequency and high 

frequency, and complete pyramid image decomposition. 

This process with the inner product form is represented as: 

,j js x                                                                                                                       (1) 

Where, 
1

0{ }M

j j 

 is the basis for the Laplasse Pyramid coefficient space
MR ,  x  is the 

input signal. 

 

Figure 1. (a). LP Decomposition 
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Figure 1. (b). New LP Reconstruction 

The DFB is constructed by Bamberger et al.[15] that can decompose the image 

according to the direction, which is improved by Minh N.Do, after three decomposition, 

then carry out  DFB decomposition for the high-frequency sub bands, the multi-

frequency spectrum partition graph is shown in Figure 2, in the figure, 1w 、 2w indicates 

the frequency of the level and the vertical direction. 

 

Figure 2.The Two Dimensional Multi-Frequency Spectrum Division  

DFB process is expressed with the inner product form: 

,d dt x                                                                                                                        (2) 

Where 
1

0{ }N

d d 

  represents the basis of the coefficient space ( 0,...,2 1)N lR N    of 

DFB; x  is the input signal. The specific process of the Contourlet transform can be 

represented in Figure 3
[16]

. 

 

Figure 3. Specific Transformation Process 

Similarly, Contourlet transform with the inner product form, according to equation (1), 

(2), then: 
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, ,, , , ,j d j d j d j dc s x x                                                                       (3) 

Where, , ,j d j d    is the basis of the Contourlet transform coefficient 

space
M NR 

, x  is the input image. 

In the process of the above Contourlet transform, both two LP and DFB stages have 

carried out down sampling operation, so that the redundancy of the image Contourlet 

coefficient is greatly reduced, and the same as LP redundancy, is only 1.33. Making this 

transformation be lack of shift invariance, if it is used in image denoising will appear 

obvious Ringing effect. 

 

2.2. Nonsubsampled Contourlet Transform  

Compared with Contourlet transform, NSCT is a redundancy transform with shift-

invariant、multi-scale and multi-resolution, this transformation remove down sampling 

after analysis filter and up sampling before integrated filtering which are after pyramid 

decomposition and directional filter decomposition, instead of up sampling was carried 

out to the filter, then analyze the signal filter and composite filter. 

NSCT is divided into two steps: 

(1) The multi-scale decomposition for image, that implemented by nonsubsampled 

pyramid filter. The image is decomposed into a low-pass sub band and a band-pass sub 

band through nonsubsampled pyramid, the next every level nonsubsampled pyramid 

decomposition is carried out iteration in the low frequency sub band, finally, the image is 

decomposed into a low-pass sub band and a plurality of band-pass sub band, as shown in 

Figure 4 (a). The image is decomposed into a low-pass sub band 0c and three band-pass 

sub bands 1c 、 2c and 3c through nonsubsampled three pyramid, Figure 4 (b) is the 

corresponding frequency response. 

             

 

 

 

 

 

 

 

 

 

 

 

 

         
(a) Nonsubsampled three pyramid                             (b) The ideal frequency division of 

decomposition structure                                                   nonsubsampled pyramid 

Figure 4. Nonsubsampled Pyramid Decomposition 

The condition that nonsubsampled pyramid filter and nonsubsampled direction filter 

guarantee signal perfect reconstruction is: filter is satisfied the Bezout equation
[17]

: 

0 0 1 1( ) ( ) ( ) ( ) 1H z G z H z G z 
                                                                                         (4) 

Among them, 0 ( )H z and 1( )H z  represents the decomposition of the filter, 0 ( )G z and 

0 ( )G z represents the reconstruction filter, as shown in Figure 5 (a). 
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(2)Nonsubsampled directional filter is carried out direction decomposition at each 

level band-pass sub band of nonsubsampled pyramid decomposition, the filter bank 

separates the entire 2D frequency space into J  (the number of decomposed direction) 

wedge-shaped sub bands, and put on singular points in the same direction into a factor. 

Figure 5 (b) shows the decomposition structure of four channels nonsubsampled 

directional filter bank (the black part of the figure represents the passed frequency 

section). The first level is the fan filter ( )Q

iU z  of up sampling , the second is the square 

frequency band of up sampling, combined with the first filter can achieve the filter 

decomposition of four directions, the frequency division of four channels nonsubsampled 

filter bank is as shown in Figure 5 (c). 

   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
(a) Pyramid nonsubsampled filter bank      (b) The decomposition structure of four 

channels nonsubsampled directional filter 
banks 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) The frequency division of four channels nonsubsampled filter bank 

Figure 5. Nonsubsampled Filter Bank 

After the above two steps, the NSCT is decomposed, after conversion, the size on 

each directional sub bands of each scale is the same as the original image, its redundancy 

achieved 
1

1 2 J

J
l

j

 , Figure 6 is the schematic diagram of two layers Contourlet 

transform. 
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(a) Two layers NSCT diagram                       (b) The ideal NSCT frequency division  

Figure 6. Nonsubsampled Contourlet Transform 

3. Adaptive Threshold Image Denoising Based on no subsampled 

Contourlet Transform 
 

3.1. The Principle of Adaptive Threshold Denoising Based on Nonsubsampled 

Contourlet Transform  

NSCT adaptive threshold denoising is determined in two steps: 

(1)Set different thresholds for different scales. The model of NSCT with noisy image 

is: 

j j j

k k kd c n                                                          (5) 

Where, 
j

kd
、

j

kc
and 

j

kn
 are respectively represents the coefficient of the noisy image, 

the original image and noise after NSCT when the scale is k and direction is j . 

0,1,..., 1k K  , 0,1,..., 1j J  , K is the decomposed scale of NSCT, J is the 

decomposed direction of the k layer. 

Compared with the wavelet transform, the direction of NSCT is more flexible, and the 

size of the transform domain is the same as that of the original image. In the same scale 

and direction, the NSCT coefficient is less than wavelet coefficient. Use the wavelet 

multi-scale threshold denoising, the threshold function is
( )

22ln( ) 2
k K

N


 , in where 

 is obtained using the method of  median estimate, 1[ ]
0.6745

Median d
  , 1d is 

the high frequency coefficient that the first layer of the noisy image is wavelet 

decomposed, N is the total number of pixels. NSCT scale threshold function requires 

that the wavelet multi-scale threshold function is divided by a factor of more than 1, in 

the NSCT, select the "maxflat" pyramid filter to three layer decomposition and 

"dmaxflat7" carry out directional filter, when the directions are respectively 
22 、 32 and 

42 ,research finds that, under the condition of  NSCT scale threshold function k is  

formula (6),the denoising effect is best. 
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( )
22ln( ) 2

5.7

k K

k

N





                                                                                      (6) 

(2)According to the energy ratio of different direction coefficients
j

kd at the same 

scale, adjust adaptively k . Since NSCT is a linear transform, in the case of small 

noise, the energy of 
j

kd is: 

2( , )j j

k k

x y

e d x y                                                                                               (7) 

The value of 
j

ke is larger, shows that the outline details are more when image is 

in k scale and j direction; the value of 
j

ke is smaller, shows that the outline details 

are less when image is in k scale and j direction. Similarly, the energy ratio in 

different directions at the same scale as follows: 

1

( )
j

j k
k J

j

k

j

e
f e

e





                                                                                                                 (8) 

The value of 
( )j

kf e
 is larger, indicates that the outline details are more in this 

direction, When the threshold is used to denoising, the smaller threshold value 

should be set; the value of 
( )j

kf e
 is smaller, indicates that the outline details are less 

in this direction, the larger threshold value should be set. After several experiments, 

NSCT adaptive threshold function is in k scale and j direction: 

1 ( )
4

5.7

j

k
j

k k

J
f e

 
 

 
                                                                                                  (9) 

3.2. The Step of Adaptive Threshold Denoising Based on Nonsubsampled 

Contourlet Transform 

(1) Carry out NSCT to denoising image, obtain the coefficient of j direction when 

the scale is k , and calculate the energy 
j

ke 、the total energy 
1

J
j

k

j

e


 of all directions 

and ( )j

kf e of the
j

kd ; 

(2) In accordance with the formula (8), calculate NSCT adaptive threshold
j

k  in 

k scale and j direction; 

(3) Carry out threshold processing. In this paper, hard threshold denoising 

method is adopted: 

   ,  

0     ,   else

j j j

k k kj

k

d d
d

 
 


                                                                    (10) 

(4) Carry out the inverse transform to
j

kd , get the image after denoising. 
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4. Experimental Results 

In order to verify the effectiveness of the proposed algorithm in this paper, a 

simulation experiment is adopted on the Gauss white noise ground penetrating radar 

image, which the mean value is zero, the variance is 15 and 25. Figure7 (a) shows the 

original image that ground penetrating radar detects the three targets. Since the ground 

penetrating radar data is from each channel A-SCAN probe data, the wavelet threshold 

filtering algorithm[17] is used to GPR original image, get the processed image as shown 

in Figure7 (b), the processed image which uses the algorithm of adaptive threshold 

denoising based on nonsubsampled Contourlet Transform that presented in this paper is 

shown in Figure7 (c). 
                   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
(a) The original image        (b) Wavelet threshold denoising     (c) Denoising algorithm in 
`````````````````````````````````````````````````````````````````````````````````````````````` this paper 
 

Figure 7. The Denoising Results of Different Algorithms when Variance is 
25 

Table1 shows the PSNR value of wavelet threshold denoising method and this paper 

denoising method. 

Table 1. The PSNR Value of Threshold Denosing 

Image 
Noise standard 

variance 

PSNR/dB 

The original 

image 

Wavelet 

threshold 

denoising 

The algorithm 

in this paper 

The GPR 

image 

15 24.85 30.12 33.06 

25 20.53 28.63 28.32 

From table 1 it can be seen that the PSNR value of the proposed denoising algorithm 

in this paper is significantly higher than that of wavelet threshold denoising algorithm, 

but the difference is reduced after noise enhancing. As can be seen in Figure 7, the 

proposed denoising algorithm can effectively remove the noise while preserving the 

image details. 
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5. Conclusion 

This paper proposes an adaptive image denoising algorithm based on 

nonsubsampled Contourlet Transform. Use the NSCT characteristics of shift invariance, 

multi-resolution and multi-direction, the NSCT coefficients can be adjusted adaptively 

according to the energy of each scale and direction. Simulation results show that 

compared with wavelet threshold algorithm, the proposed method can obtain more PSNR 

value when the noise is lower, and can effectively reduce the Gibbs distortion while 

preserving the edge details of the image; noise enhances, the advantage of the proposed 

method is weakened. In the strong noise environment, how to further improve the PSNR 

value and improve the image quality will be the focus on the next study. 
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