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Abstract 
In this paper, we proposed a metric to measure the shift invariance of the three different con- 
tourlet transforms. And then, using the same structure texture image retrieval system which use 
subband coefficients energy, standard deviation and kurtosis features with Canberra distance, we 
gave a comparison of their texture description abilities. Experimental results show that con- 
tourlet-2.3 texture image retrieval system has almost retrieval rates with non-sub sampled con- 
tourlet system; the two systems have better retrieval results than the original contourlet retrieval 
system. On the other hand, for the relatively lower redundancy, we recommend using contourlet- 
2.3 as texture description transform. 
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1. Introduction 
Shift invariance level is a very important feature of wavelet-like transforms and has been paid much attention on 
the study of them. Texture is an important character of objects surface hence can be a retrieval entrance in mod-
ern societies. Content-based image retrieval (CBIR) system which uses texture properties has been a fast grow-
ing research area recently [1]. But if is there a relation between shift invariance level and retrieval rate? Until 
now, we haven’t found the exact answer reported in the existing literature.  

Some of the most popular texture extraction methods for retrieval are based on filtering or wavelet-like ap-
proaches [2]-[5] during the last twenty years. Other possible transforms are wavelet packets [3], wavelet frames 
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[6] and Gabor wavelet transforms [7], and the latest one is contourlet transform proposed by Minh Do and Mar-
tin Vetterli due to its ability of capturing even more directional information in digital image. Although contour-
let transform is superior to wavelet at representing texture and borders in images, it lacks of aliasing-free and 
shift insensitive characters, some other new contourlet versions were reported intent to reduce the problem dur-
ing the past several years. Cunha proposed the non-subsampled contourlet transform (NSCT) and get a higher 
shift invariant degree and reduced the aliasing phenomena widely exist in the basic contourlet transform [8]. 
Due to the lack of sampling operations, NSCT is high redundant and not suitable for many situations.  

In 2006, Yue Lu and Do proposed a modified version of the original contourlet transform, namely second 
version of contourlet transform [9], shortly as CTSD (contourlet second). CTSD has three variants: Contour-
let-1.3, Contourlet-1.6 and Contourlet-2.3, where the number means the redundancy of the transform. The new 
version of contourlet, similar to the original version, is redundant and non-orthogonal. 

In the earlier work, most features used in contourlet and wavelet retrieval systems are standard deviation and 
energy or only one of them separately. In our earlier paper, we proposed that using the combination of energy, 
standard deviation and kurtosis can characterize the textures more accurately than the earlier work [10]. In this 
paper, we will use this structure for comparison and discover the relationship between shift invariance and re-
trieval rate. 

2. Shift Invariance Level of Several Different Contourlet Transforms 
The shift-ability is a very important feature for a transform especially for pattern recognition field. Due to the 
presence of sampling operations in contourlet transform, the shift-ability character can not exist at all. But we 
hope there is a metric or a method to evaluate the shift-ability level of a transform. Here we will propose a me-
thod to estimate the shift-ability level a transform.  

As we know, the shift-ability means that if a signal has a position shift, the coefficient in transform domain 
also has a corresponding shift which is impossible for a sampling transform. So we often define the shift-ability 
level from energy sense. Here we define an algorithm (see Figure 1) to evaluate the shift-ability level of several 
different contourlet transforms as follows. 
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Figure 1. Calculation of shift invaricance level.                            
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Step (1): Choose a 2-D impulse signal as a standard signal (here 512 by 512 pixels), the original impulse 
coordinate is (st, st), where st denotes the step length of the impulse position shift along diagonal direction and 
the initial value is 1. By this means, we can acquire a group of 2-D impulse digital signal. For e.g. when st = 1, 
the signal number of the group is 512, and for st = 2, the number is 256;   

Step (2): For a certain group of impulse signals, after contourlet transform, for each sub-band including every 
detail ones and the appriximation one, we can get a set of energy value, and after divided by the total energy of 
the impulse signal, we get the relative energy of each sub-band; 

Step (3): For each certain sub-band in contourlet domain, find its average energy and standard deviation, and 
get the degree of shift invariance according to formula 1Deg std mean= − ; 

Step (4): Let st increase 1, repeat step (1)-(3), until st reach 2N  (here N stands for the scale number of the 
transform). 

After the above process, we can get the degree of shift-invariance of each sub-band. If we want a simplified 
value to describe the degree of shift-invariance of a contourlet transform, we can use the average value of the 
shift invariance degree of all the sub-bands. 

Table 1 gives a part of experimental results about the degree of shift-invariance of the original contourlet 
transform, and Table 2 for contourlet-2.3, Table 3 for NSCT. For more detail results, you can contact us by E- 
mail. 

It should be noted that level 1 means the finest scale in the following 3 tables. The filters used for the DFB 
and LP in the original contourlet are “pkva” and “9-7”, respectively. The filters used for the DFB of contour-
let-2.3 are “pkva” and “9-7”, respectively. And the filters used for the DFB of NSCT are the default value in 
Cunha’s toolbox [5]. “dirn” means directional sub-bands indexed by n. 

From Table 1 we can see that the shift invariant level of original contourlet transform is relative low, the 
different values for different sub-bands are approximately limited within −0.5 to 0.21. In Table 2, as illustrated, 
each directional sub-band has a shift invariant value which tends to 1. Comparing Table 1 and Table 2, we can 
get a conclusion that for the directional sub-bands, CT23 has much higher shift invariant level than the original 
contourlet transform. 

From the 3 tables, we can find that the NSCT has highest degree of shift invariance from a global view, 
especially for approximation sub-band. Contourlet-2.3 has a little less degree of shift invariance than NSCT, but 
much higher than the original contourlet transform and with a very limited redundancy. 

3. Retrieval Rates of Three Different Contourlet Texture Image Retrieval Rates 
The experimental objects are the 109 texture images coming from Brodatz album [11]. For each 64 × 640 pixels  

 
Table 1. Degree of shift invariance of the original contourlet transform (just a sample).                                             

st Approximation Level 4 dir1 Level 3 dir1 Level 2 dir1 Level 1dir1 

1 0.1643 −0.60916 −0.60493 −1.0459 −1.4031 

5 0.16473 −0.67265 −0.58399 −1.0575 −1.4292 

6 0.21179 −0.3115 0.26566 0.85323 −0.81155 

7 0.15514 −0.59343 −0.59105 −1.029 −1.458 

13 0.13125 −0.56384 −0.63421 −1.0182 −1.5076 

29 0.14017 −0.81551 −0.58843 −1.0424 −1.5383 

30 0.21826 −0.3763 0.25374 0.82337 −0.84712 

31 0.13773 −0.55816 −0.65619 −1.111 −1.4866 

41 0.078535 −0.16503 −0.79031 −1.0746 0.45598 

43 0.019985 −0.64458 −0.63514 0.042152 0.35044 

61 −0.094358 −0.22299 −0.74865 −0.032241 0.39694 

64 1 0.97358 0.90969 0.57246 0.98833 

Average 0.2097 −0.3305 −0.0789 −0.0409 −0.4953 
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Table 2. Degree of shift invariance of the CT23 transform (just a sample).                                             

st Approximation Level 4 dir1 Level 3 dir1 Level dir1 Level1 dir1 

5 −1.3113 0.9037 0.90305 0.90768 1 

7 −1.3211 0.86897 0.9039 0.90932 1 

16 0.99457 0.92252 0.98336 0.96372 1 

17 −1.393 0.89211 0.88746 0.90565 1 

24 0.044873 0.99928 0.99517 0.94851 1 

30 −0.99093 0.8824 0.87439 0.90408 1 

35 0.70656 0.90976 0.90331 0.90827 1 

36 −0.58183 0.8679 0.90503 0.90386 1 

41 0.72172 0.90588 0.90766 0.91263 1 

47 0.68528 0.91129 0.90552 0.91166 1 

57 0.70443 0.90379 0.90402 0.90377 1 

62 −1.0428 0.90295 0.90467 0.90013 1 

64 0.98915 0.8511 0.9664 0.93017 1 

Average −0.4344 0.9047 0.9138 0.9109 1 

 
Table 3. Degree of shift invariance of NSCT transform (just a sample).                                                                                         

st Approximation Level 2 dir 1 Level 2 dir 5 Level 1 dir 1 Level 1 dir 2 

1 0.684 0.82875 0.82988 0.96517 0.96526 

2 0.68275 0.82807 0.8292 0.96504 0.96512 

4 0.5781 0.78101 0.78285 0.95106 0.95116 

5 0.97442 0.99061 0.9906 0.99939 0.99941 

7 0.95539 0.97319 0.9739 0.99807 0.99799 

8 0.44722 0.70157 0.70399 0.93017 0.93032 

9 0.94918 0.96959 0.9704 0.99781 0.99773 

10 0.99972 0.99983 0.99982 1 1 

12 0.9997 0.99982 0.99981 1 1 

13 1 1 1 1 1 

14 0.93616 0.96226 0.96326 0.99727 0.99716 

16 0.31318 0.60723 0.6102 0.89949 0.8997 

Average 0.83978 0.91197 0.9128 0.98124 0.98126 

 
image, we cut them into non-overlapped 16 sub-images and each one is 160 × 160 pixels size, then we can ob-
tain an image database with 109 × 16 = 1744 sub-images. The 16 sub-images come from the same original im-
age can be viewed as the same category. 

For each sub-image in the database, we used contourlet to transform it into contourlet domain. In contourlet 
domain, for every image in the database, we calculated each feature as Equations (1)-(3) and cascaded them to-
gether as the feature vector of that image. Select each sub-image in the database, using (4) to calculate the Can-
berra distance between its feature vector and every one in the feature vector database. Then find the N∈{16, 20, 
30, 40, 50, 60, 70, 80, 90, 100}, calculate the average retrieval rate for each N.  

The procedure above can be described by (5) as follows, where q = 1744, R(p) denotes the average retrieval 
rate for each p∈{16, 20, 30, 40, 50, 60, 70, 80, 90, 100}, hence 10 retrieval results can be acquired. S(p, i) is the  
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Table 4. Comparison of three different retrieval systems (%).                                                               

  16 20 30 40 50 60 70 80 90 100 

[3 3 2 2 ] 

CT 67.8 72.4 78.3 81.4 83.5 85.3 86.6 87.8 88.9 89.8 

NSCT 68.9 74.3 79.3 82.1 84.1 85.6 87 88.1 88.9 89.6 

CT23 69.1 74.5 79.5 82.2 84.1 85.8 87.1 88.4 89.3 90.2 

[3 2 2] 

CT 66.7 71.3 77.1 80.4 82.5 84 85.4 86.7 87.9 88.8 

NSCT 67.8 72.8 78.1 81 83.2 84.8 86.2 87.4 88.4 89.3 

CT23 66.8 72.0 77.7 80.6 82.5 83.8 85 85.8 86.8 87.6 

 
number of images belong to the correct group when the i-th image used as query image. 

Using the approach above, we can get the average retrieval rate of different features of contourlet-2.3 texture 
image retrieval system as shown in Table 2 using decomposition parameter [3 2 2] means directional number of 
each scale should be 8, 4 and 4 from fine to coarse scale respectively. 
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From Table 4 we can see that generally NSCT can get highest retrieval rates than contourlet-2.3 and the 
original contourlet transform, the main may arise from the high level shift invariance. Comparing CT23 and 
NSCT, we can find that the advantages of NSCT is not very obvious, and because CT23 has much lower redun-
dancy, we recommend CT23 as the proper tools to describe complex texture images. 

4. Summary 
In this paper, we gave a method to measure the shift invariance level of different contourlet transforms and 
showed the shift invariance level, experimental results show that NSCT has highest shift invariance level and 
then in the retrieval rates comparison part gave a comparison of three different texture image retrieval rates. 
NSCT can get highest retrieval rates than the other ones, but it has highest redundancy, we recommend CT23 as 
the best choice for general situations. 
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