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Abstract 
An up-to-date comparison of state-of-the-art low-level color and texture feature extraction 

methods, for the purpose of content-based image retrieval (CBIR) is presented in this report. 

CBIR is a technique that utilizes the visual content of an image, to search for similar images in 

large-scale image databases, according to a user’s interest. The CBIR problem is motivated by 

the need to search the exponentially increasing space of image and video databases efficiently 

and effectively. The visual content of an image is analyzed in terms of low-level features 

extracted from the image. These primarily constitute color and texture features. We implement 

and compare four color feature extraction algorithms and four texture feature extraction 

algorithms in this work. For color feature extraction, the conventional color histogram, the fuzzy 

color histogram, the color correlogram, and a color/shape-based method were implemented and 

compared. For texture feature extraction, the steerable pyramid, the contourlet transform, the 

Gabor wavelet transform, and the complex directional filter bank were implemented and 

compared. The fuzzy color histogram and the Gabor wavelet transform were shown to yield the 

highest color and texture retrieval results respectively, at the expense of more computation 

relative to the other proposed methods.      

1. Introduction 

The increase in computing power and electronic storage capacity has lead to an exponential 

increase in the amount of digital content available to users in the form of images and video, 

which form the bases of many educational, entertainment and commercial applications [1]. 



 

Consequently, the search for relevant information in the large space of image and video 

databases has become more challenging. The main challenge lies in the reduction of the semantic 

gap between low-level features extracted from the image and high-level user semantics. How to 

achieve accurate retrieval results, is still a challenging and an unsolved research problem. A 

typical image retrieval system includes three major components: 1) feature extraction (usually in 

conjunction with feature selection), 2) high dimensional indexing and 3) system design [2]. In 

this work, we study the first component; that of low-level feature extraction, and we attempt to 

answer the following question: What are the color and texture features that need to be extracted 

from an image, in order to achieve the highest retrieval performance, at a relatively low 

computational cost? The main contribution of this work is a comprehensive comparison of four 

color feature extraction approaches and four texture feature extraction approaches for CBIR. In 

Section 2, we discuss the four color feature extraction techniques: 1) the conventional color 

histogram, 2) the fuzzy color histogram, 3) the color correlogram, and 4) a color/shape-based 

method. In Section 3, we discuss the four texture feature extraction techniques: 1) the steerable 

pyramid, 2) the contourlet transform, 3) the Gabor wavelet transform, and 4) the complex 

directional filter bank. In Section 4, we present a comparison of the color and texture methods. In 

Section 5, we present our experimental procedure and results, and we conclude in Section 6. 

2. Color Feature Extraction Models 

The extraction of the color features for each of the four methods is performed in the HSV (hue, 

saturation and value) perceptual color space, where Euclidean distance corresponds to the human 

visual system’s notion of distance or similarity between colors. 

2.1 The Conventional Color Histogram  

The conventional color histogram (CCH) of an image indicates the frequency of occurrence of 

every color in the image. From a probabilistic perspective, it refers to the probability mass 

function of the image intensities. It captures the joint probabilities of the intensities of the color 



 

channels. The CCH can be represented as hA,B,C(a,b,c) = N.Prob(A=a, B=b, C=c), where  A, B 

and C are the three color channels and N is the number of pixels in the image [3] (key paper #1). 

Computationally, it is constructed by counting the number of pixels of each color (in the 

quantized color space).  

2.2 The Fuzzy Color Histogram 

In the fuzzy color histogram (FCH) approach, a pixel belongs to all histogram bins with different 

degrees of membership to each bin. More formally, given a color space with K color bins, the 

FCH of an image I is defined as F(I)=[f1,f2,…fk]  where
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N
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∑ , where N is the number of 

pixels in the image and 
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µij  is the membership value of the jth pixel to the ith color bin, and it is 

given by 
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, where 
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dij  is the Euclidean distance between the color of pixel j (a 3‐

dimensional  vector  of  the  H,  S  and  V  components),  and  the  ith  color  bin,  and 

€ 

ς   is  the 

average distance between the colors in the quantized color space [4] (key paper #2).  

2.3 The Color Correlogram 

The color correlogram (CC) expresses how the spatial correlation of pairs of colors changes with 

distance. A CC for an image is defined as a table indexed by color pairs, where the dth entry at 

location (i,j) is computed by counting number of pixels of color j at a distance d from a pixel of 

color i in the image, divided by the total number of pixels in the image [5]. 

2.4 The Color/Shape-Based Method 

Howe et al.  have proposed  in  [6]  (key paper #3)  a  color‐shape based method  (CSBM)  in 

which a quantized color image I’  is obtained from the original image I by quantizing pixel 

colors in the original image. A connected region having pixels of identical color is regarded 

as  an  object.  The  area  of  each  object  is  encoded  as  the  number  of  pixels  in  the  object. 



 

Further,  the shape of an object  is characterized by  ‘perimeter  intercepted  lengths’  (PILs), 

obtained  by  intercepting  the  object  perimeter  with  eight  line  segments  having  eight 

different orientations and passing through the object center. 

3. Texture Feature Extraction Models 

The notion of  texture  generally  refers  to  the presence of  a  spatial  pattern  that has  some 

properties of homogeneity [4]. Directional features are extracted to capture image texture 

information. The four texture feature extraction methods presented in this section generate 

a multi‐scale, multi‐directional representation of an image. 

3.1    The Steerable Pyramid 

The steerable pyramid recursively splits an  image  into a set of oriented sub‐bands and a 

lowpass residual. The image is decomposed into one decimated lowpass sub‐band and a set 

of  undecimated  directional  sub‐bands.  Analytically,  the  bandpass  filter  in  polar 

coordinates,  at  each  orientation  l,  is  composed  of  a  radial  part H(r) and  an  angular  part 

Gl(θ).  These  are      defined  as: 
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,  and  L  is  the  total 

number of orientations [7] (key paper #4). 

3.2    The Contourlet Transform 

The contourlet  transform  is a  combination of a Laplacian pyramid  (LP) and a directional 

filter bank  (DFB).   The LP provides  the multi‐scale decomposition, and  the DFB provides 

the multi‐directional decomposition. The LP is a decomposition of the original image into a 
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ABSTRACT

A flexible multiscale and directional representation for images is

proposed. The scheme combines directional filter banks with the

Laplacian pyramid to provides a sparse representation for two-

dimensional piecewise smooth signals resembling images. The

underlying expansion is a frame and can be designed to be a

tight frame. Pyramidal directional filter banks provide an effective

method to implement the digital curvelet transform. The regularity

issue of the iterated filters in the directional filter bank is examined.

1. INTRODUCTION

Over the last decade, wavelets had a growing impact on signal

processing, mainly due to their good performance for piecewise

smooth functions in one dimension. Unfortunately, such is not the

case in two dimensions. In essence, wavelets are good at catch-

ing zero-dimensional singularities, but two-dimensional piecewise

smooth signals resembling images have one-dimensional singular-

ities. That is, smooth regions are separated by edges, and while

edges are discontinuous across, they are typically smooth curves.

Intuitively, wavelets in 2-D obtained by a tensor-product of one

dimensional wavelets will be good at isolating the discontinuity

across the edge, but will not see the smoothness along the edge.

This disappointing behavior indicates that more powerful bases are

needed in higher dimensions.

In the filter bank literature, Bamberger and Smith [1] had pro-

posed an effective filter bank for the directional decomposition of

images. This directional filter bank (DFB) has the important prop-

erty that it can be critically sampled while achieving perfect recon-

struction. In order to obtain sparse image representations, where

maximum information is packed into a small number of samples,

we propose a combination of DFB with a multiresolution pyramid,

the result is called pyramidal directional filter bank (PDFB).

Recently, Candes and Donoho [2] pioneered a new system of

representations named curvelet that was shown to be suited for

objects which are smooth away from discontinuities across smooth

curves. Their initial transforms were intended for functions on the

continuous space . We will demonstrate that with PDFB, one

achieves a curvelet-like decomposition for discrete-time signals.

The outline of the paper is as follows. Section 2 examines

the DFB, together with new results on regular and orthogonal iter-

ated DFB. Section 3 introduces the PDFB with its frequency de-

composition and frame properties. Section 4 establishes the links

This work was supported by a Department of Communication Sys-
tems, EPFL PhD Fellowship and the Swiss National Science Foundation
grant number 21-52439.97.

between PDFB and the curvelet transform. Finally, Section 5 il-

lustrates some numerical experiments on real images.

2. DIRECTIONAL FILTER BANKS

The DFB realizes a division of 2-D spectrum into wedge-

shaped slices as shown in Fig. 1 using an -levels iterated tree-

structured filter banks [1]. The method is to use appropriately the

quincunx filter bank (QFB) [3] together with modulations and ro-

tations. Rotations in DFB are achieved by resampling matrices

(that is, matrices with determinant equal to , so they represent

a rearrangement of the input samples).
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Fig. 1. Directional filter bank frequency partitioning.

More specifically, the blocks in the binary decomposition tree

of the DFB are made up from two extensions of the QFB: the mod-

ulated QFB and the “skewed” QFB’s (Fig. 2); the former one is

used at the first two levels, while the later one is used at the re-

maining levels. Therefore, it can be shown that the DFB is perfect

reconstruction (PR) or orthogonal if and only if its kernel QFB is

PR or orthogonal, respectively. As a result, the design of DFB es-

sentially amounts to the design of QFBwith the desired properties.

(a) (b)

Fig. 2. Building blocks of the DFB. (a) Modulated QFB. (b)

Skewed QFB’s with and .

In the ideal case, the Fourier transform of a DFB equivalent

filter will be only in its designated region. For a near horizontal

subband, this is the region that is sandwiched between two lines

hierarchy  of  images,  such  that  each  level  corresponds  to  a  different  band  of  image 

frequencies. This  is done by taking the difference of  the original  image and the Gaussian‐

lowpass‐filtered version of  the  image,  (at  the appropriate scale σ). The Gaussian  lowpass 

kernel is defined as: 

€ 

H(w1,w2) = exp{−2(πσ)2(w1
2 + w2

2)} , where w1 and w2 are the horizontal 

and  vertical  frequencies  respectively.    The bandpass  images  from  the  Laplacian pyramid 

are  fed  into  the DFB so that directional  information can be captured.   The DFB realizes a 

division  of  the  spectrum  into  2L  wedge‐shaped  slices,  as  shown  in  Figure  1.  A  detailed 

description  of  the  DFB  is  provided  in  [7].  The  low  frequency  components  are  separated 

from the directional components. After decimation, the decomposition is iterated using the 

same DFB.  

 

 

 

Fig. 1: DFB decomposition into 23 wedges 

3.3    The Gabor Wavelet Transform  

The Gabor function,  in the Fourier domain,  is given by 
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G(u,v) = exp{− 1
2
u2

σ u
2 +

v 2

σ v
2

 

 
 

 

 
 }, where 

σu and σv are the bandwidths of the filter. The Gabor wavelet transform dilates and rotates 

the two‐dimensional Gabor function. The image is then convolved with each of the obtained 

Gabor functions. To obtain a Gabor filter bank with L orientations and S scales, the Gabor 

function  is  rotated  and  dilated  as  follows: 

€ 

Gmn (x,y) = a−mG(x,y) ,  where 

€ 

x = a−m (x cosθ + y sinθ) ,

€ 

y = a−m (−x sinθ + y cosθ), and θ = nπ/L, n = 1, 2, …, L, and m = 0, 1, …, 

S‐1 [7]. 

 

 



 

3.4    The Complex Directional Filter Bank 

The complex directional  filter bank (CDFB) consists of a Laplacian pyramid and a pair of 

DFBs,  designated  as  primal  and  dual  filter  banks.  The  filters  of  these  filter  banks  are 

designed to have special phase functions, so that the overall filter is the Hilbert transform 

of  the primal  filter bank. A multi‐resolution  representation  is obtained by  reiterating  the 

decomposition in the  lowpass branch [7].   The block P  in Figure 2 shows one level of the 

CDFB, where Lo(w), G(w) and F(w) are  lowpass filters. A more detailed explanation of the 

CDFB is provided in [7]. 

 

 

 

 

 

  

A plot of the frequency response of the four methods is shown in Figure 3.  

 

      

 

     

 

4.Comparison of the Color and Texture Features 

Table 1 lists the pros and cons of the color features described in section 2. 

Fig. 3: Frequency response of the 4 DFBs. (a) CDFB (S=3, K=8), (b) Gabor Wavelet 
(S=4, K=6), (c) Contourlet Transform (S=3, K=8), (d) Steerable Pyramid (S=3, K=8) 

Fig. 2: One level of the CDFB 



 

Color Feature Pros Cons 

Conventional Color 
Histogram 

-Simple 
-Fast computation 

-High dimensionality 
-No color similarity 
-No spatial info 

Fuzzy Color Histogram 

-Fast computation 
-Encodes color similarity 
-Robust to quantization noise 
-Robust to change in contrast 

-High dimensionality 
-More computation 
-Appropriate choice of membership weights needed 

Color Correlogram -Encodes spatial info 
-Very slow computation 
-High dimensionality 
-Does not encode color similarity 

Color/Shape Method 
-Encodes spatial info 
-Encodes area 
-Encodes shape 

-More computation 
-Sensitive to clutter 
-Choice of appropriate color quantization thresholds needed 

Table 1: Pros and cons of the four­color features 

The Table 2 lists the pros and cons of the texture features described in section 3. 

Texture Feature Pros Cons 

Steerable Pyramid -Supports any number of orientation -Sub-bands undecimated, hence more computation and 
storage 

Contourlet Transform -Lower sub-bands decimated -Number of orientations supported needs to be power of 2  

Gabor Wavelet Transform -Achieves highest retrieval results -Results in over-complete representation of image 
-Computationally intensive 

Complex Directional Filter Bank -Competitive retrieval results -Computationally intensive  
Table 2: Pros and cons of the four texture features 

5. Experiments and Results 

The simulations were performed in MATLAB. For color feature extraction, the HSV space was 

quantized to 128 color bins. For texture feature extraction, the transform parameters were set to 

perform an eight-orientation decomposition of the image at three levels of resolution. In other 

words, the scale parameter S was set to three, and the orientation parameter L was set to eight. 

5.1 The Datasets 

The color and texture features were extracted from the images in the Corel and the Brodatz 

image datasets respectively. The Corel dataset is a database of 10 classes, each containing 100 

images [8]. In general, images within the same class have a similar color distribution. An 

example image from each class is shown in Figure 4. The Brodatz dataset is a database of 13 

classes, each containing 10 images of one texture rotated at different angles [9]. An example 

image from each class is shown in Figure 5. 



 

     

     
Fig. 4: An example image from each of the 10 classes in the Corel database 

      

       
Fig. 5: An example image from each of the 13 classes in the Brodatz database 

5.2 Distance Measure and Retrieval Score 

One image from each class was chosen as a query image. The color (or texture) features were 

then extracted from the query image and from all the images in the database, (Corel in the case 

of color features, and Brodatz in the case of texture features). The features extracted from each 

image were represented as a vector in RD, and Euclidean distance was used to measure the 

distance form the feature vector of the query to the feature vector of every image in the database. 

A retrieval score was computed according to the following evaluation criterion: for each query, 

the system returned the 10 closest images to the query, including the query image itself (as the 

distance from the query image to itself is zero). The number of mismatches was computed as the 

number of images returned that belong to a class different than that of the query image, in 

addition to the number of images that belong to the query image class, but that have not been 

returned by the system. The retrieval score for one class was then computed as 

€ 

100 × 1− (mismatches10)[ ]%. Finally, the average retrieval score for all classes was computed as 

the average of the retrieval scores obtained for each class. 

5.3 Color and Texture Retrieval Results 

Tables 3 and 4 display the obtained color and texture retrieval results respectively. 



 

 

 CCH FCH Correlogram Color/Shape 

Average Retrieval Score 80.12% 82.05% 69.48% 70.03% 
              Table 3: Color retrieval scores 

 

Steerable 
Pyramid 

Contourlet 
Transform 

Gabor Complex Directional 
Filter Bank 

Average Retrieval Score 63.02% 63.67% 81.48% 76% 
Table 4: Texture retrieval scores 

6. Conclusion and Future Work 

The main contribution of this work is a comprehensive comparison of state-of-the-art color and 

texture feature extraction techniques for CBIR. The FCH and the Gabor wavelet transform were 

found to yield the highest color and texture retrieval results, respectively, at the cost of higher 

computational complexity. In future work, we will explore methods for combining color and 

texture features, in addition to incorporating user-feedback into the system. Another issue that 

will need to be addressed, is the issue of distance measures between feature vectors. Euclidean 

distance was used in this report because of its simplicity and interpretability, but it would be 

valuable to evaluate other distance measures and their effect on retrieval performance. 
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