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Abstract  
 
With the development of database, multimedia and computer vision technology, 
content-based image retrieval (CBIR) technology has been a hot topic in recent 
years. Texture image retrieval is an important part of CBIR. In this paper, a new  
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method for texture image retrieval based on nonsubsampled contourlet transform 
(NSCT) and matrix F-norm is proposed. The experimental result shows that the 
performance of the proposed image retrieval method is better than that of the 
approach of the traditional method.  
 
Keywords: texture image retrieval; Matrix F-norm; nonsubsampled contourlet 
transform  
 
 
1 Introduction  
 

As computers and digital image products spread, massive digital image data 
has been produced. It is very important to retrieve useful image quickly and 
effectively from the image database. Content-based image retrieval (CBIR) has 
been developing very quickly, and has been a focus for study over the past 20 
years.Extracting feature vector and calculating their similarity is the key 
technology of CBIR. In the past 20 years, wavelet transform, which offers a 
multiscale and time-frequency-locali zed image representation, has played a 
significant role in CBIR system. However, wavelet transform can only efficiently 
capture those discontinuous points on the edge in three directions of horizontal, 
vertical and diagonal, but not capture texture information of natural images in 
multiple directions (see [1]-[4]). In 2005, L. da Cunha proposed nonsubsampled 
contourlet transform (NSCT), which is a fully shift-invariant, multiscale, and 
multidirection expansion that has a fast implementation (see [4]). Many authors 
study NSCT (see [5]-[8]). In this work, a new method based on NSCT and matrix 
F-norm is proposed. Image is decomposed with NSCT, and multiscale sub-matrix 
of coefficient matrix is obtained. We construct feature vector of each subband, 
using matrix F-norm. Similarity comparison rule of two feature vectors is defined. 
We performed the experiment using this new method, and obtained better 
experimental result than using other methods. The rest of the paper is organized as 
follows. In Section II, we describe the key technique about NSCT and image 
matrix F-norm. In Section III, we introduce the image retrieval algorithm based on 
NSCT and image sub-matrix F-norm. Experimental procedure and result is 
discussed in Section IV.  Concluding remarks are drawn in Section V. 

 
 

2 Key technique 
 
A. NSCT 

Coutourlet is a kind of decomposition algorithm based on LP and DFB. It has 
a couple of advantages: First, it implements low redundancy, multiscale, 
multidirection. Secondly, it really describes two-dimensional image. Furthermore,  
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it can represent and process direction information well with the simple approach. 
Unfortunately, it uses downsampling.  

NSCT is derived from coutourlet transform in order to reduce overlapping 
spectrum in coutourlet transform process. NSCT contains two shift-invariant parts: 
one is nonsubsampled pyramid (NSP) decomposition that ensures the multiscale 
property, the other is nonsubsampled DFB (NSDFB) that gives directionality. 
Since there is the sampling link in NSCT, each directional subbank has the same 
size with original input image.   

The transformational process of NSCT is shown in Figure 1.  

 

firstly, NSP structure decomposes 2-D input signal into a high-frequency subband 
and a low-frequency subband. Secondly, NSDFB decomposes the high-frequency 
subband into a few directional subband. In a similar way, low-frequency subband 
is decomposed into the second level high-frequency subband and low-frequency 
subband. The second level high-frequency subband is decomposed into a few 
directional subband by NSDFB, and so on. The similar decomposition operation 
is repeated on the low-frequency subband output by NSP structure, thereby 
achieving multiscale and multidirection analysis. Because the multiscale 
decomposition and the multidirection decomposition are independent of each 
other, the number of direction decomposition on each high-frequency subband can 
be the any positive integer power of 2. The NSFB structure is shown in Figure 1. 
Idealized frequency partitioning is shown in Figure 2. 
 

 

Figure 1 NSFB structure
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Figure 2 Idealized frequency partitioning 
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B. Extracting the Feature Vector 

   Assuming A is a square matrix, and iA  is the i-order submatrix of A, as 
follows: 
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so the similarity of two feature vectors AFV  and BFV  is given by 
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3 Retrieval algorithm based on NSCT and image sub-matrix norm 
 
Image retrieval steps of the proposed algorithm: 
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1) Four-scale decomposition is applied to the each original image in the image 
database with NSCT. The eight directional frequency decomposition is applied to 
the first scale, and the four directional decomposition to the second scale, the 
eight directional decomposition to the third scale and the fourth scale. 
2) The feature vectors are computed with (3)-(4) from the coefficient matrix of the 
each directional subband on the low-frequency and high-frequency subband. A 
total of 29 feature vectors are obtained, and stored into the database. 
3) Computing and querying the feature vectors of the image with (1)-(2) for image 
retrieval.  
4) Comparing the feature vector obtained with (3)-(4) to the feature vector of each 
image in the image feature database, and finding out N images, whose similarity 
is closest to the target image, from all of the similarity comparison results. The 
ratio of N images to the number of the same group images is defined as the 
retrieval rate of the image. By computing the retrieval rate of all the images, the 
average retrieval rate is obtained.  
 
 
4 Expriment steps and result 
 
Previous 30 images of the 109 texture images in Brodata Album texture image 
database is used as experiment subjects. Their resolution is all 640*640.  
Experiment steps of the proposed algorithm: 
Step 1:  The above 30 texture images with the resolution 640*640 are split 
without overlap. We split each 640*640 image into 16 images with the resolution 
160*160, and obtain the database with 30*16 images. 16 small images from the 
same big image form an image group.  
Step 2: Each small image in the image database is processed with NSCT. We use 
‘9-7’ to the LP filter, and “dmaxflat7” to the DFB filter. The number of 
decomposition levels is [3,2,3,3], and a total of 29 subband matrixes, including 
the low-frequency subbands, are obtained. 29 feature vectors are extracted with 
the algorithm in Section III Step 2) and put into the feature database. 
Step 3: We select a small image as the retrieval image, and computing the 
similarity with its feature vectors and the feature vectors of all the images in the 
database. We weight the similarity of each feature vector, and get the similarity of 
two images. We select the image, which corresponds to 16 feature vectors closest 
to the feature vector of the retrieval image, as the retrieval result. Then we see 
how many images belong to the group to which the retrieval image belongs, and 
divide the value by 16 to get the retrieval rate of this image. Finally, the average 
retrieval rate of all the images, which is used as the evaluate standard, is obtained. 
 In this work, other two methods are also used to retrieve the image for 
comparing them with the proposed method. One uses the expectation plus the 
variance as the feature vector, and the other is the method proposed in literature 
[5]. The average retrieval rates of three methods are shown in Table I.  
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Table I 

Comparison of three experiment results 

 

 

 

 

 

5 Conclusion 
 
We have proposed a new method for texture image retrieval. By this method, the 
image is decomposed with NSCT, and the 2-order norm of each subband matrix is 
computed. Then the feature vector of each subband is constructed with the norm. 
Finally, the similarity of the feature vector is obtained. It is indicated by 
experiment that the proposed method can attain a good effect. 
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