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Abstract. Texture representation of ultrasound (US) images is currently 

considered a major issue in medical image analysis. This paper investigates the 

texture representation of thyroid tissue via features based on the Contourlet 

Transform (CT) using different types of filter banks. A variety of statistical 

texture features based on CT coefficients, have been considered through a 

selection schema. The Sequential Float Feature Selection (SFFS) algorithm 

with a k-NN classifier has been applied in order to investigate the most 

representative set of CT features. For the experimental evaluation a set of 

normal and nodular ultrasound thyroid textures have been utilized. The 

maximum classification accuracy was 93%, showing that CT based texture 

features can be successfully applied for the representation of different types of 

texture in US thyroid images. 
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1   Introduction 

Modern medical ultrasonography (US) presents a unique set of advantages including 

real-time data acquisition, low cost, absence of any side effects and high resolution 

imaging. Thus, US has become the most common imaging modality for certain types 

of medical examinations, including that of the thyroid gland. Currently a challenge for 

the image analysis community is the application of automated or semi-automated 

computational methods on US images, for the computer aided diagnosis (CAD) of 

different types of diseases. A key issue for any CAD approach remains the texture 

representation method utilized.  

Texture representation is a fundamental issue in image analysis and computer 

vision. It has been extensively investigated in the literature for more than three 

decades. Numerous approaches have been proposed dealing with textural features 

extraction which can be divided into four main categories [1] statistical, signal 

processing, model-based and geometrical. Signal processing approaches have drawn 

much attention, resulting in the proposal of a variety of texture representation 

methods, including the power spectral methods using the Fourier spectrum, the 

Discrete Cosine Transform (DCT), the Discrete Hartley Transform (DHT) [2], and 



more recently, the Gabor filters [3], the Haar [4] basis functions, the Discrete Wavelet 

Transform (DWT) and the Contourlet Transform (CT) [5][6].  

Although the Discrete Wavelet Transform has been successfully applied for a wide 

range of image analysis problems, for two dimensions it tends to ignore the 

smoothness along contours [5]. In addition, the DWT provides only limited 

directional information which is an important aspect of multidimensional signals [6]. 

These limitations have been partially addressed by the CT which can efficiently 

approximate a smooth contour at multiple resolutions. Additionally in the frequency 

domain, the CT offers a multiscale and directional decomposition, providing 

anisotropy and directionality, features missing from the DWT [5][6][7]. The CT has 

been successfully used in a variety of texture analysis applications, including SAR 

and natural image classification [8], content-based image retrieval [9], image 

denoising [10], despeckling of images [11], image compression [12], etc. 

The aim of this study is to investigate the performance of the Contourlet Transform 

(CT) for the representation of medical ultrasound (US) textures of the thyroid gland. 

A set of statistical features calculated from the CT coefficients are evaluated through 

a supervised classification schema on real thyroid US images. Additionally, a feature 

selection phase has been applied through the Sequential Float Feature Selection 

(SFFS) algorithm, for the extraction of the most representative set of CT features. 

The rest of this paper is organized in three sections. Section 2 presents the 

proposed methodology including the CT and the above mentioned feature extraction 

schema. This methodology is evaluated through an experimental study on real thyroid 

ultrasound images presented in section 3, whereas conclusions are presented in 

section 4. 

2   Methodology 

2.1 The Contourlet Transform 

The CT is a directional multiresolution image representation scheme proposed by Do 

and Vetterli [5] which is effective in representing smooth contours in different 

directions of an image [6], thus providing directionality and anisotropy [5][9]. The 

method utilizes a double filter bank, in order to obtain a sparse expansion of typical 

images containing smooth contours. In this filter bank, first the Laplacian Pyramid 

(LP) is used to detect the point discontinuities of the image and then a Directional 

Filter Bank (DFB) to link point discontinuities into linear structures. This scheme 

results in an image expansion that uses basic elements like contour segments and thus 

it is named CT. The separation of directional and multiscale decomposition stages 

provides a fast and flexible transform with computational complexity O(N) for N-

pixel images when using Finite Impulse Response (FIR) filters [6][8]. 

The LP, introduced in [13], provides a way to obtain multiscale decomposition. In 

each decomposition level, it creates a downsampled lowpass version of the original 

image and a bandpass image. A coarse image with the lower frequencies and a more 



detailed image with the supplementary high frequencies containing the point 

discontinuities are obtained. This scheme can be iterated continuously in the lowpass 

image, restricted only from the size of the original image. 

The next step consists of the DFB which is a 2-D directional filter bank proposed 

by Bamberger and Smith, that can be maximally decimated while achieving perfect 

reconstruction [6][14]. The original DFB is efficiently implemented via an l-level 

binary tree leading to 2
l
 subbands with wedge-shaped frequency partitioning. 

However, in the CT, a new method is applied [6] which avoids modulating the input 

image and uses a simpler rule for expanding the decomposition tree [15]. The 

simplified DFB consists of two stages. First, a two-channel quincunx filter bank [16] 

that divides the 2-D spectrum into vertical and horizontal directions, and then a 

shearing operator that just reorders the samples. 

Bandpass images from the LP decomposition are fed into a DFB in order to obtain 

the directional information. This scheme can be iterated on the coarse image and the 

combined result is a double iterated filter bank, named contourlet filter bank [8], 

which decomposes images into directional subbands at multiple scales. 

 

 

Fig. 1. The contourlet filter bank. Images li and hi are the lowpass and detailed image, 

respectively, obtained from the ith level of decomposition with the LP. In every level of LP 

decomposition, hi is fed into the DFB. 

2.2 Feature extraction 

The set of statistical texture features in the contourlet domain evaluated in this study, 

have been proposed by Liu [8]. This set consists of the first order statistical measures 

that follow: 

 

i) Energy. The energy Ejk of a subband image Ijk from the CT decomposition is 

defined as 
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Where Ijk is the subband image of the kth direction in the jth level. Mjk is the row size 

and Njk the column size of the subband image Ijk. 

 

ii) Standard deviation. Provides the means to capture the scale of the diversity of the 

image. The standard deviation Sjk of the subband image Ijk is defined as 
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iii) Information entropy. For texture images, it represents the complexity of the 

texture information. The information entropy Hjk of a subband image Ijk is defined as 
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Using the above features, the feature vector for the subband image of the kth direction 

in the jth level is defined as fjk=(Ejk, Sjk, Hjk). If the CT is defined as J level and for the 

jth (j=1,…, J) level a Kj bands DFB is applied, then a total number o K subband 

images is obtained, where 
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By combining and rearranging all the feature vectors of the K subband images, the 

feature vector F={ fi }, i=1,2,…,K of the input image is obtained and normalized as 

proposed in [9]. 



2.3 Feature Selection 

Feature selection offers more than one significant advantages, including reduction of 

computational complexity, improved generalization ability and robustness against 

outliers. A widely adopted algorithm for feature selection is the sequential floating 

forward selection (SFFS) algorithm [17] which has been used in a broad range of 

applications [18]. The idea behind the SFFS algorithm consists of consecutive 

forward selection steps, followed by a number of backward steps as long as the 

resulting subsets are better than the previously evaluated ones at the same level. 

Starting from an initially empty set of features, at each forward step an additional 

feature for which the classification accuracy is maximized is selected. Respectively, at 

each backward step the maximum subset that results in an improved classification 

accuracy is being selected. 

3 Experimental evaluation 

Supervised classification experiments have been carried out to evaluate the 

performance of the proposed texture representation approach. The image set consists 

of real medical ultrasound images of the thyroid gland. A total of 72 thyroid 

ultrasound images were obtained from examinations performed on 43 patients, using 

a Philips HDI 5000 sonographic imaging system, with a spatial resolution of 470×470 

pixels and amplitude resolution of 8 bits. During these examinations the parameters of 

the sonograph were kept the same. This set of ultrasound images includes hypogenic 

thyroid nodules, as it has been diagnosed by expert physicians. From each ultrasound 

image, an equal number of healthy and nodular sample blocks have been selected. 

The total number of non overlapping 32x32 pixel blocks (Fig. 2) resulting from this 

process was 200. 

 

  

 

  
(a)  (b) 

Fig. 2. Sample images from experimental dataset. (a) Normal and (b) nodular thyroid tissue. 

The classification task was implemented by means of the non parametric and 

generally effective k-NN classification approach [24]. The distance measure used by 

the k-NN was the Euclidean and parameter k was {3, 5}. For all experiments 

conducted, the classification accuracy for all experiments was estimated by 10-fold 

cross validation [19]. 

Due to the small size of thyroid nodules, the sample blocks selected are also small 

(32x32 pixels) and they did not allow decomposition of more than three levels with 



the LP and six levels with the DFB. The first LP decomposition level supports up to 

six levels of DFB decomposition, decreased by one for every extra LP decomposition 

level. The filters applied for the LP were the filters Burt, 5-3 and 9-7 and for the DFB 

the 5-3 and 9-7 filters. All possible combinations of filters and decomposition levels 

were tested.  

Detailed results about the maximum classification accuracy obtained using the k-

NN classifier and different filter combinations are shown in Fig. 3. From this figure it 

can be noticed that the maximum classification accuracy is 77%. This resulted from 

the filter 9-7 for the LP and the DFB, with two levels of LP decomposition, 

decomposed into sixteen and two directional subbands respectively, from finer to 

coarser scale.  

The application of the SFFS selection algorithm led to improved classification 

results for every experimental setup as shown in Fig. 4. In this case the maximum 

classification accuracy was 93% using only 36 out of 205 features and the confusion 

matrix is presented in Table 1. This accuracy has been obtained via 5-3 filters for the 

LP and the 9-7 filters for the DFB, with two levels of LP decomposition, and then 

decomposed into sixty four and four directional subbands respectively from finer to 

coarser scale.  

This result shows that a significantly smaller subset of CT features is necessary and 

sufficient to describe effectively the thyroid US texture.  
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Fig. 3. Maximum classification accuracy of the k-NN classifier for each filter combination at 

each level of LP decomposition (first, second, third). The first filter of the filter combinations 

refers to the one used for the LP and the second refers to the one used for the DFB. 
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Fig. 4. Maximum classification accuracy of the SFFS algorithm with the k-NN classifier, for 

each filter combination at each level of LP decomposition (first, second, third). The first filter 

of the filter combinations refers to the one used for the LP and the second refers to the one used 

for the DFB. 

Table 1. Confusion matrix for the setup which gave the best results (93% accuracy). 

Correct 
 

Prediction 
Nodular Healthy 

Nodular  45,6 % 4.4 % 

Healthy  2.1 % 47.9 %  

4 Conclusions 

In this study a methodology for the texture representation of thyroid tissue in US 

images has been investigated, utilizing features based on the Contourlet Transform 

(CT) and various types of filter banks. The experimental evaluation through 

supervised classification on real US thyroid images led to promising results. 

Furthermore, through a feature selection phase the maximum classification accuracy 

reached 93% for a significantly smaller set of features. These results are considered to 

provide evidence for the effectiveness of CT texture representation of US thyroid 

images. As overall conclusion, it can be argued that the combinations of 5-3 and 9-7 

filters resulted in better classification accuracy for the second level of LP 

decomposition. Future work could include US images of higher resolution and the 

evaluation of different types of statistical features. 
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